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ABSTRACT OF THE DISSERTATION
Cortical Organization in Humans and Nonhuman Primates:
The Evolution of Cognitive Areas and Circuits
by
Chad J. Donahue
Doctor of Philosophy in Biomedical Engineering
Washington University in St. Louis, 2021
Professor David Van Essen, Chair

Similarities in organization of cerebral cortex in humans and nonhuman primates offer the
promise of leveraging data from invasive animal studies to better understand the complexities of
the human brain, particularly those related to higher cognitive function (e.g. attention, working
memory, language). Such comparisons necessitate the identification of convincing cortical
homologues (areas or regions presumed to have derived from a common ancestor), requiring an
accurate interspecies mapping of cortical areas and features. To this end, I describe (i) a survey
of connectivity and its measures across primate species, particularly retrograde tracing and
diffusion tractography, (ii) a morphometric analysis of cognitive regions, namely prefrontal
cortex , and (iii) the development of a cortical surface registration driven by multimodal data
types to directly compare cortical connectivity measures across species. This novel interspecies
registration reveals expansion of primarily cognitive regions from macaque to human (e.g. the
default mode network) not described by previous efforts and suggests non-uniform expansion
across functional networks and their constituent areas.

viii

Chapter 1: Introduction
1.1 Motivation
For over a century, investigators have compared human and nonhuman primate cerebral cortex to
better understand the neural basis of higher cognitive function (e.g. attention, working memory
and language). Guided by cytoarchitecture, Brodmann (1909) identified about 50 distinct cortical
areas in humans and somewhat fewer in old-world monkeys, which were assigned shared names
across species to reflect potential correspondence and a presumed evolutionary relationship.
Since that time, cortical parcellations, or subdivisions, have delineated areas/parcels based on a
variety of cortical features, including function, architecture, connectivity, and/or topography
(Felleman and Van Essen, 1991; Kaas, 2005). Using various permutations of these features,
modern forays into cortical parcellation exhibit a great deal of diversity in both methodology (i.e.
choice of feature(s) to drive parcellation) and the resulting number of parcels. For example,
Gordon et al., (2016) used resting state functional connectivity, i.e., macroscopic cortical
connectivity inferred from correlations of activity observed using resting state functional MRI
(rsfMRI; Biswal et al., 1995; Vincent et al., 2010; Miranda-Dominguez et al., 2014), to create a
human parcellation of 356 distinct functional parcels (178/hemisphere) spanning most of
neocortex. Yeo et al., 2011 utilized a similar approach to yield a coarser, yet more spatially
distributed parcellation of 7-17 functional networks spanning human cortex. Rather than relying
on any single feature, the Van Essen Lab created a multimodal parcellation of human cortex,
which suggested a lower bound of 180 areas per hemisphere (Glasser et al., 2016a). While these
studies demonstrate a current lack of consensus across human cortical parcellations, cortical
parcellations of the macaque monkey (the most intensively studied nonhuman primate) exhibit
1

even greater diversity: primarily cytoarchitectonic studies report 91 (Markov et al., 2014), 130 –
140 (Van Essen et al., 2012a) and up to 161 cortical areas (Paxinos et al., 2000). To improve
consensus, and thus facilitate more accurate interspecies comparisons, robust atlases
incorporating a variety of neuroanatomical and functional features are critical. Only then can
uniquely informative neuroanatomical studies of the macaque, particularly invasive anatomical
pathway tracing, accurately inform the cortical functional organization and connectivity of the
human brain. A vital step toward elucidating the neuroanatomical evolutionary divergence
between humans and nonhuman primates is the identification of strong candidate evolutionary
cortical homologues: regions and features derived from a common ancestor. Such homologues
are extremely difficult to prove definitively, as ancestral fossils are rare, and their brains are not
preserved. However, homologues can be inferred with varying degrees of confidence depending
on the number and distinctiveness of common cortical features and the number of related species
that share them (Krubitzer and Huffman, 2000; Krubitzer and Kahn, 2003; Kaas, 2005).
Commonalities in topographic organization and function of early human and nonhuman primate
sensory and motor areas (Fig. 1.1, regions marked with a white ‘X’) makes their homology
virtually certain (Van Essen et al., 2001b; Orban et al., 2003). However, homologues of higher
sensory and motor areas are less clear, and least certain are candidate homologues within regions
of cortex implicated in higher cognitive functions (e.g. prefrontal, temporal and parietal cortex;
Fig. 1.1, regions marked with a black asterisk).

2

Figure 1.1: Comparison of Cortical Myelin Content across Species. Regions of low relative expansion are marked
with a black asterisk. Regions of high relative expansion are marked with a white X.

Understanding such regions is extremely important, as closely corresponding architectonic
parcellations of human and macaque orbitofrontal cortex (OFC; Carmichael and Price, 1994;
Öngür et al., 2003) suggest a potential neuroanatomical segregation of domains mediating affect
(e.g. emotion; Price, 1999) and higher cognitive function. The organization and connectivity of
OFC and regions making up the cingulo-opercular network (e.g. anterior insula/operculum,
dorsal anterior cingulate; Sadaghiani and D’Esposito, 2015) particularly hold promise for
understanding how their dysfunction relates to affective/mood disorders (e.g. bipolar depression;
Drevets et al., 2008; Dell’Osso et al., 2015) and disorders of higher cognitive function including
schizophrenia (Ragland et al., 2015), and possibly autism spectrum disorder (Plitt et al., 2015).

1.2 Organization of the Dissertation
This dissertation is organized chronologically according to the completion and publication of the
described studies. However, the studies flow logically toward the goal of leveraging interspecies
comparisons to better understand human cognitive function.
Chapter 2 looks at probabilistic tractography based on diffusion tensor imaging, a non-invasive
imaging procedure widely used in humans, and assesses its ability to reliably and accurately
3

identify and characterize cortico-cortical connections in the brain by comparing its results
directly with those of invasive retrograde tracing in the macaque monkey (a gold-standard for
connectivity). The results of this study (Donahue et al., 2016) suggest a limited capacity for
diffusion tractography to adequately capture whole-brain cortical connectivity, particularly when
extrapolating the results to the human, where connectivity is undoubtedly much more complex
than what is seen in the monkey. Since we are bound to the use of noninvasive imaging in
humans, investigators are forced to either simply accept the noise, biases and confounds involved
with noninvasive imaging, or instead leverage the highly informative invasive data available in
other primate species.
Chapter 3 focuses more on gross cortical organization by comparing prefrontal cortex (PFC)
across three primate species: humans, chimpanzees and macaques. PFC has long been associated
with higher cognition in humans, and thus understanding its precise boundary and internal
organization are vital to a greater understanding of human cognitive function. This study
(Donahue et al., 2018) begins by identifying PFC in the three primate species largely relying on
structural MRI, yet informed by functional MRI (fMRI) in macaques and humans. It then goes
on to compare the volume of gray and white matter associated with PFC and assess relative
expansion when comparing macaques and chimpanzees to humans. In doing so, we show both
absolute and relative expansion of PFC in humans, particularly when compared to more
functionally conserved regions like primary visual and motor cortex.
Chapter 4 describes the creation of an interspecies registration of the cortical surface driven by
multimodal data: putatively homologous regions (PHRs), maps of cortical myelin content, and
resting state networks. Ultimately, this registration improves upon previous interspecies
registrations by minimizing localized distortions and anisotropies in the deformations used to
4

map between species’ cortical surfaces. Furthermore, using multimodal data as a registration
driver reveals area of expansion from macaque to human cortex in particularly cognitive-related
regions. At the time of this writing, this study is being prepared for publication.

1.3 Overview of HCP-Style Image Acquisition and
Processing
The studies described in the following chapters all relied on the development and refinement of a
nonhuman primate (NHP) version of the Human Connectome Project (HCP) minimal
preprocessing pipelines (Glasser et al., 2013). These NHP-HCP pipelines were first described in
Donahue et al., 2016 along with the Yerkes19 group-average macaque atlas. Donahue et al.,
2018 then goes on to describe updates to these pipelines, along with the introduction of the
Yerkes29 group-average chimpanzee atlas. Most recently, Autio et al., (2019) describes further
refinement to functional image preprocessing, and work is ongoing to extend the use of these
pipelines to additional species (e.g. marmoset). While these pipelines are described in depth in
the following chapters, some discussion of the HCP minimal preprocessing pipelines is required,
as the NHP-HCP pipelines used them as a foundation.
To date, the HCP has collected multimodal MRI data from hundreds of healthy young adults
including structural, functional and diffusion-based images. Furthermore, processing of HCP
data has been a key focus for the project and has resulted in a toolset (HCP Minimal
Preprocessing Pipelines; Glasser et al., 2013) and a larger neuroimaging paradigm (deemed
‘HCP-style’) that follows a set of core tenets that can be summarized as follows: (1) collect
multimodal data from many subjects, (2) acquire data at high spatial and temporal resolutions,
(3) preprocess data to minimize artifacts, (4) represent data using natural geometry of the cortical
or subcortical structures, (5) accurately align data across subjects and studies, (6) analyze data
5

using accurate brain parcellations, and (7) share data using user-friendly databases (Glasser et al.,
2016b). This paradigm was employed to acquire, process and align data to produce the HCP
multimodal parcellation (Glasser et al., 2016a). The minimal preprocessing pipelines allow for
diverse neuroimaging datasets (having met some acquisition requirements; e.g. collection of both
T1w and T2w structural MRI scans) to be viewed and analyzed in a common space, thus
reducing analysis confounds resulting from methodological differences across studies.
The pipelines themselves consist of several individual modules that can sequentially operate on
structural imaging data along with other multimodal data types resulting in processed data
represented in the Connectivity Informatics Technology Initiative (CIFTI) file format
grayordinate space. The term ‘grayordinates’ refers to the spatial dimension of this file type
where gray matter can be modeled as either cortical surface vertices or subcortical voxels. The
pipelines rely heavily on the FreeSurfer software package for cortical surface reconstruction and
volumetric segmentation, the methods of which have been described extensively in prior
publications (Dale and Sereno, 1993; Dale et al., 1999; Fischl et al., 1999, 2001, 2002, 2004a,
2004b; Fischl and Dale, 2000; Ségonne et al., 2004; Han et al., 2006; Jovicich et al., 2006;
Reuter et al., 2012).
The HCP structural pipelines consist of PreFreesurfer, FreeSurfer and PostFreeSurfer modules
that operate sequentially on structural T1w and T2w MRI imaging data. The PreFreeSurfer
structural pipeline serves to create an undistorted “native” structural volume space that closely
matches the anatomy of the subject being processed. Furthermore, this pipeline aligns T1w and
T2w images (one or many can be used per subject), performs bias field correction and
nonlinearly registers the subject from its “native” volume space to the standard MNI 152 6th
generation atlas volume space. By registering individual subjects’ data to a standard space,
6

comparisons across individual acquisitions or entire studies can be performed more easily and
accurately. The FreeSurfer structural pipeline then utilizes FreeSurfer to segment the MNIregistered volume into predefined cortical and subcortical structures and reconstructs pial and
white matter surfaces, as well as a midthickness surface that represents the average of the pial
and white matter surfaces (lies halfway between these surfaces). The surfaces then undergo
registration to the FreeSurfer standard surface space (fsaverage). The PostFreeSurfer structural
pipeline converts the volumes and reconstructed surfaces created in the previous pipeline stages
to NIFTI (volume) and GIFTI (surface) file types that can be readily viewed and operated on
using the Connectome Workbench software suite
(https://www.humanconnectome.org/software/connectome-workbench) and performs surface
registration to a common surface template (Van Essen et al., 2012b). The PostFreeSurfer pipeline
also creates a volume segmentation of the cortical ribbon based on the white and pial surfaces as
well as cortical myelin maps which are computed via the T1w/T2w ratio of voxels between the
white and pial surfaces mapped to the midthickness surface (Glasser and Van Essen, 2011;
Glasser et al., 2013). The functional HCP pipelines are broken down into two sequential
modules: the fMRIVolume and fMRISurface pipelines. The fMRIVolume pipeline removes
spatial distortions and performs motion compensation on the fMRI data and aligns it to the
structural volume space, while also normalizing the fMRI data to the global mean. The
fMRISurface pipeline then serves to represent the volume data in standard CIFTI grayordinate
space resulting in a CIFTI dense time series that can be viewed on the cortical surface and used
for surface-based fMRI analyses.
When processing HCP data and creating the HCP Multimodal Parcellation (Glasser et al., 2016),
the Multimodal Surface Matching (MSM; Robinson et al., 2014, 2017) algorithm was used to
7

perform intersubject registration based on structural and functional areal features. In this context,
the term ‘areal feature’ is meant to describe multimodal data types represented on the cortical
surface that can be used to identify cortical areal transitions. Like the surface-based registration
techniques described previously, MSM inflates source and target meshes, each representing the
cortical surface, to constituent spheres that will be aligned based on feature constraints. Rather
than rely on surface folding (FreeSurfer, Fischl, 2012; Spherical Demons, Yeo et al., 2008) or
folding variability (Auzias et al., 2013), which do not necessarily respect underlying cortical
cytoarchitecture and/or myeloarchitecture, more recent surface-based registration techniques
have instead focused on aligning features derived from fMRI (Sabuncu et al., 2010; Conroy et
al., 2013) after initialization with folding-based registration methods. Instead of relying on any
single feature for alignment, MSM allows for the use of many features derived from diverse
types of data (e.g. hand-drawn landmark contours, cortical myelin maps, functional connectivity,
etc.).
Due to the need for flexibility in performing a registration based on multiple data types, MSM
was designed based on the framework of discrete volumetric optimization (Kolmogorov, 2006)
in order to offer the selection of many similarity measures (Glocker et al., 2008; Kwon et al.,
2011), or measures used to determine when deformed source and target meshes are similar
enough to end the registration process. Discretization of the problem space is beneficial, as it is
less sensitive to local minima than a continuous approach (Robinson et al., 2014), however it
also requires an appropriate selection of number of grid elements (resolution) to both ensure a
solution is reached and not incur exorbitant computational burden. For the volumetric case, the
registration aims to find a spatial transform that aligns a source image to a target image in a way
that aligns quantities of interest (features). The images are discretized into grids made up of
8

vertices and the source grid is deformed in order to achieve overall alignment with the target
grid. Ultimately, the optimal combination of vertex-wise deformations is found based on the
balance of a cost function measuring feature alignment with a regularization potential which
penalizes movement in different directions of neighboring vertices and thus encourages an
overall smooth deformation of the source grid. Robinson et al., 2014 adapted this volumetric
registration approach to surfaces by way of a spherical geometry, by instead defining the grid
vertices based on regular subdivisions of an icosahedron and performing deformations as
rotations along the sphere rather than along a two-dimensional image space. The MSM
algorithm, as well as its use in interspecies registration, will be described in greater detail in the
Methods section.
As the MSM algorithm was developed and improved, it spawned multiple versions based on the
features used to drive the registration process. MSMSulc, for example, aligned spherical
representations of the cortical surface based on the FreeSurfer sulc folding measure, while
MSMRSN instead relied on resting state networks derived from decomposition of functional
connectivity in order to drive alignment. An MSM registration driven by a potential variety of
differentially weighted cortical features was deemed MSMAll, the version that was ultimately
used for intersubject alignment of HCP data and for individual parcellation of human data using
the HCP multimodal parcellation (Glasser et al., 2016a).
For the HCP, multimodal imaging data was preprocessed using the HCP Minimal Preprocessing
Pipelines (Glasser et al., 2013) described above. In the tail end of the structural pipelines,
MSMSulc was used for a rough first-pass alignment based on cortical folding. These initial
registration results then underwent areal feature-based registration using MSMAll. In this case,
MSMAll was driven by myelin maps, visuotopic maps and maps of resting state networks
9

derived from functional connectivity. Although dense functional connectivity based on resting
state fMRI was available for each subject, the sheer size of these data (>30 billion elements per
subject connectivity matrix) and large amount of redundant information contained within each
connectivity matrix made their use in the registration process prohibitive. Instead, dimensionality
reduction was performed by way of group independent component analysis (ICA) to produce
component maps of resting state networks. For the HCP, melodic group ICA (Beckmann and
Smith, 2004; Smith et al., 2004; Beckmann et al., 2005) available in the FSL toolset (Jenkinson
et al., 2012) was used to perform ICA on group functional connectivity data in CIFTI
grayordinate space across multiple dimensionalities to determine an optimal ICA dimensionality
of 28. These components were then used as inputs to the MSMAll registration.
Finally, in order to generate individual subject RSNs for registration, a dual regression technique
(Filippini et al., 2009) was adapted to a weighted multiple regression (Glasser et al., 2016) that
occurred in two stages: (1) subject time-courses are generated by spatial regression of group
spatial component maps onto the individual subject’s dense timeseries, then (2) subject
component spatial maps are generated by temporal regression of the subject time series
generated in (1) into the subject dense timeseries. In summary, individual component spatial
maps resembling those in the group data using the individual subject’s dense timeseries data.
This process is iterated, and subsequent stages are weighted by a map of the product of (1) a map
consisting of midthickness surface vertex areas and (2) an ‘alignment’ map that upweights
regions deemed well-aligned while down-weighting poorly aligned regions (effectively a spatial
correlation of the individual and group spatial component maps).

10

Chapter 2: Using Diffusion Tractography to
Predict Cortical Connection Strength and
Distance: A Quantitative Comparison with
Tracers in the Monkey
The following was adapted from a published study (Donahue et al., 2016). Copyright is retained
by the authors. All related data is available at https://balsa.wustl.edu/study/show/W336.

2.1 Introduction
Tractography based on diffusion MRI (dMRI) is used widely to obtain several complementary
types of information about brain anatomy and circuitry. These include characterizing trajectories
of major white matter (WM) fiber bundles (Catani and Thiebaut de Schotten, 2008; Glasser and
Rilling, 2008) and subdividing (parcellating) gray matter (GM) regions based on tractographyderived connectivity profiles (“connectional contrast”; Beckmann, Johansen-Berg, & Rushworth,
2009; Behrens et al., 2003; Johansen-Berg et al., 2004; Mars et al., 2011; Rushworth, Behrens, &
Johansen-Berg, 2006). Here, we focus on using tractography to estimate the presence and weight
(“strength”) of long-distance connections between GM regions. This involves analysis of
“parcellated connectomes”; that is, estimating connectivity between brain subdivisions (parcels)
in humans or nonhuman primates (NHPs) (Sporns et al., 2005; Harriger et al., 2012; Li et al.,
2013; Reid et al., 2015; van den Heuvel et al., 2015).
Tractography is an indirect method for inferring connectivity and various methodological
confounds introduce noise and/or bias (Jbabdi and Johansen-Berg, 2011; Jones et al., 2013; Van
Essen et al., 2014). Validation studies are needed that compare against “ground truth” data from
11

anatomical tracer studies in laboratory animals. Previous studies in NHPs demonstrate both
successes and limitations of tractography for assessing pathway trajectories (Jbabdi et al., 2015;
Knösche et al., 2015) and detecting the presence of long-distance interareal connections (Jbabdi
et al., 2013; Thomas et al., 2014; Azadbakht et al., 2015; Reveley et al., 2015). It is equally
important to examine the accuracy of tractography-estimated connection weights given the high
density of the cortical graph (Markov et al., 2014) and the fact that connection weights are
fundamental to understanding cortical organization (Ercsey-Ravasz et al., 2013). A recent
systematic comparison in the mouse (Calabrese et al., 2015) revealed a correlation coefficient of
r = 0.46 between log-transformed, high-resolution postmortem tractography data and quantitative
tracer-based connectivity data (Oh et al., 2014). In contrast, van den Heuvel et al. (2015)
reported much lower correlations (r = 0.25–0.31) when comparing in vivo macaque tractography
with two published tracer-based connectivity analyses. Given methodological limitations in data
acquisition (e.g., coarse spatial resolution, low angular resolution diffusion scans) and analysis
(e.g., a coarse cortical parcellation; see Discussion) in the latter study, this may not reflect the
upper bound for tractography performance in primates.
In the present study, we used high-resolution postmortem diffusion imaging combined with
complex fiber orientation modeling and probabilistic tractography to evaluate systematically
tractography performance in estimating the existence and the weights of area-to-area
connectivity throughout cerebral cortex in Old World monkeys. As an approximation of ground
truth, we used published quantitative data generated using retrograde tracers injected into 29
cortical areas in the macaque using a 91-area atlas parcellation (Markov et al., 2014). This
constitutes the most comprehensive weighted tracer-based connectivity matrix currently
available for NHPs. Tractography results were generated from diffusion imaging of postmortem
12

brains from Old World monkeys (macaque and vervet) that have very similar cortical
convolutions and, likely, connectivity patterns.
Retrograde tracer interareal connection weights range over five orders of magnitude when
quantified as the fraction of labeled neurons (FLNe) in each area relative to the total number of
labeled neurons extrinsic to the injected area (Markov et al., 2011, 2014). We used an analogous
“fractional scaling” metric for tractography based on the fraction of streamlines (FSe) connecting
two areas relative to the number of streamlines extrinsic to those areas. To investigate a known
tractography-path-length dependency (Basser et al., 2000; Liptrot et al., 2014), we compared two
tractography seeding strategies for their impact on overall tractography performance.
Tracer-based connection weights decline approximately exponentially with interareal separation
(Ercsey-Ravasz et al., 2013). Using a new tractography-based method for estimating interareal
separation, we show that tractography remains modestly informative in predicting connection
presence and weight after regressing out an exponential relationship with path length. These
limitations of tractography likely reflect major anatomical features, such as the organization of
WM bundles subjacent to sulcal fundi (Reveley et al., 2015).

2.2 Materials and Methods
2.2.1 Macaque Retrograde Tracer Data
Markov et al. (2014) quantified intrahemispheric interareal connectivity in the macaque cortex
using retrograde tracers and reported weighted connectivity of 29 input injection areas in an atlas
of 91 cortical areas; that is, a 29 × 91 weighted and directed connectivity matrix. This 91-area
parcellation, originally generated from a histologically based surface reconstruction of an
individual macaque left hemisphere (M132), was registered to the macaque “F99” atlas using a
13

landmark-constrained registration algorithm in Caret (Markov et al., 2014). We used the MSMSulc algorithm (Robinson et al., 2014) to register the F99 atlas to a new population average
macaque Macaca mulatta atlas (“Yerkes19,” as described below). Figure 2.1A shows the M132
parcellation displayed on the inflated macaque Yerkes19 atlas left hemisphere. The locations of
cortical area relative to gyral and sulcal landmarks on the atlas surface are similar, but not
identical, to those in the original M132 surface reconstructed from histological sections. Figure
2.1B shows the locations of reported injection sites (Markov et al., 2014) mapped to the atlas
surface.
The weight of the projection from each injected area to any given source area was defined as the
FLNe, the fraction of labeled neurons in a source area relative to the total number of labeled
neurons extrinsic to the injected area (Markov et al., 2011, 2014). The connection weights
determined by this method span five orders of magnitude and are distributed in a lognormal
fashion. A 29 × 91 area connectivity matrix (“parcellated connectome”) was generated using the
areal parcellation and incorporating into the data matrix the tracer connectivity values reported
by Markov et al. (2014) in logarithmic (log10) units. Results were represented using the
Connectivity Informatics Technology Initiative data format (http://www.nitrc.org/projects/cifti/),
which enables interactive visualization of connectivity maps and connectivity matrices in
Connectome Workbench (http://humanconnectome.org/software/).
For the tracer injections, each injection provided information restricted to the inputs to a
particular area. Therefore, a complete description of both inputs and outputs is available only for
the 29 × 29 edge-complete subgraph of the larger 29 × 91 connectivity matrix. Directionality was
removed by calculating the arithmetic mean of each pair of anterograde and retrograde
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connection weights. We refer to the 29 × 29 retrograde tracer (RT) parcellated connectivity
matrix as RT29×29, or the RT matrix for short.

2.2.2 DMRI Data Acquisition
We analyzed dMRI scans from both the left and right hemispheres of two postmortem monkey
brains (PM1 and PM2), the second of which was analyzed for two separate scans: (PM2A and
PM2B). PM1 involved diffusion-weighted MRI of an immersion-fixed brain from an adult male,
macaque, M. fascicularis (D’Arceuil et al., 2007). The postmortem brain was infused with a
gadolinium contrast agent that enables acquisition using short TR (D’Arceuil et al., 2007). Scans
were acquired using a 3D multishot, spin-echo sequence on a 4.7 T Bruker scanner with the
following scan parameters: TR = 250 ms; TE = 31.7 ms; matrix size = 256 × 128 × 128; isotropic
0.43 mm voxels. Diffusion weighting was applied in 120 uniformly distributed directions with b
= 8000 s/mm2. Total imaging time was ∼27 h.
PM2A and PM2B were acquired from a perfusion-fixed brain of a healthy adult 32-month male
vervet (Chlorocebus sabaeus) brain. The animal was obtained from the Behavioral Science
Foundation, St. Kitts, and was socially housed in enriched environments. The experimental
protocol was reviewed and approved by the Institutional Review Board of the Behavioral
Science Foundation acting under the auspices of the Canadian Council on Animal Care.
Preparation of the postmortem brain and the collection of data on a preclinical 4.7 T Agilent MR
scanner (at the Danish Research Centre for Magnetic Resonance) involved the ex vivo imaging
setup described previously (Dyrby et al., 2011, 2014). The scan session started with a >4 h
diffusion-weighted image (DWI) dummy scan ensuring reduction of short-term instabilities
introduced in the acquisition of the DWI datasets. In two separate scan sessions, the PM2A and
PM2B were collected using a 2D pulsed-gradient-spin-echo sequence with single-line readout.
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Scan parameters for PM2A and PM2B were as follows: TR = [5100, 6500] ms; TE = [45, 35]
ms; NEX = [1, 2] (averaged offline); matrix size = 128 × 256; whole brain coverage of axial
slices with isotropic 0.5 mm voxels. The b-value was [4000, 7500] s/mm2, 3 b = 0 s/mm2
acquired in [61, 128] uniformly and noncollinear directions using the scheme files available from
the Camino tool kit (Cook et al., 2006). Total imaging times for PM2A and PM2B were ∼20 and
68.5 h, respectively.

2.2.3 The Yerkes19 Macaque Atlas
To enable accurate comparisons across results obtained in different individuals and between left
and right hemispheres, tracer and MRI data were registered to a group-average “Yerkes19”
macaque surface-based atlas (Van Essen et al., 2012a). This atlas was based on structural MRI
scans (T1w and T2w, 0.5 mm isotropic) of 19 adult macaques acquired at Yerkes Primate
Research Center at Emory. Each brain was processed using the minimal preprocessing pipelines
developed for the Human Connectome Project (HCP) (Glasser et al., 2013) to extract cortical
surfaces and subcortical volumes from the structural MRI scans and align individual scans to the
template.
The HCP pipelines (developed for human MRI data) were adapted to work with monkey MRI.
For the in vivo scans used to generate the atlas, the PreFreeSurfer pipeline aligned T1w and T2w
volumes to native anterior commissure–posterior commissure space, allowing brain extraction,
cross-modal registration, bias field correction, and FMRIB Software Library (FSL) analysis
(Smith et al., 2004) of nonlinear volume registration to atlas space (as is done in the human HCP
pipelines). Aside from using macaque volume templates, this only required adjustment of the
brain size parameter to 80 mm. A customized pipeline (FreeSurferNHP) adapted from the
FreeSurfer pipeline included the following NHP-specific changes: (1) brain extraction and initial
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intensity nonuniformity correction were done outside of FreeSurfer, in this case using the
PreFreeSurfer brain extraction and √𝑇1𝑤 ∗ 𝑇2𝑤 bias field correction methods, and (2) the data
were converted into a “fake” 1 mm isotropic 2563 space [in “RAS” (right anterior superior)
orientation] to conform to FreeSurfer's requirements without interpolation (Fischl, 2012).
FreeSurfer 12 parameter affine and nonlinear registrations used a species-specific volume
template, as did subcortical segmentation. The standard HCP FreeSurfer pipeline was then used
up to the point of surface registration, when a species-specific surface template was used.
FreeSurfer stages after pial surface generation (e.g., cortical parcellation) were not done. Finally,
the volume and surface data were transformed from the FreeSurfer “fake” 1 mm RAS space back
into the right posterior inferior input space (0.5 mm rigidly aligned to the macaque volume
template) and cortical thickness was recomputed. The PostFreeSurfer pipeline was run using
multimodal surface matching (MSM) surface registration (Robinson et al., 2014) using
FreeSurfer's “sulc” measure of cortical shape to drive the alignment (MSM-Sulc). This pipeline
generates a high-resolution (“164k”) surface mesh (∼164,000 vertices per hemisphere). This was
resampled to form two lower resolution meshes (32k and 10k) used for subsequent analyses.
Interhemispheric alignment between the left and right hemispheres was based on landmark-based
alignment analogous to that performed on the macaque F99 atlas surfaces (Van Essen et al.,
2012a) using 45 geographically corresponding landmark contours in each hemisphere. For the
two postmortem monkeys analyzed in this study, identical steps were performed for the
structural preprocessing with the exception of the creation of T1w- and T2w-like images
described in the next section.
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Data were mapped from individual experimental hemispheres to the Yerkes19 atlas using
surface-based registration, as described below. Visualization used Connectome Workbench
software (http://www.humanconnectome.org/software/connectome-workbench.html).

2.2.4 dMRI Preprocessing
Because the diffusion data were not echo-planar imaging (EPI) based and were from fixed tissue,
many typical preprocessing steps (motion correction, eddy current correction, and b0
inhomogeneity correction) were not required. Cortical surface models were derived directly from
the high-resolution (≤0.5 mm) diffusion data using steps that yielded analogs of the T1w and
T2w images needed for acceptable FreeSurfer segmentation. First, FSL's bedpostX algorithm
(Jbabdi et al., 2012) was run using modeling of three fibers and the anisotropic volume fractions
from each fiber were summed across fibers. This produces an image that highlights anisotropic
WM and avoids decreased intensity in regions containing well behaved crossing fibers. A T1wlike image having contrast similar to a conventional T1-weighted image was generated by taking
the fourth root of the sum of volume fractions image. A T2w-like image having contrast similar
to conventional T2-weighted was obtained from the mean of the b = 0 images. These two highresolution T1w-like and T2w-like images were fed into the PreFreeSurfer, FreeSurferNHP, and
PostFreeSurfer pipelines described above. For the high-resolution tractography analysis, the 32k
mesh was used (0.8 mm average vertex spacing).
Fiber orientation modeling was performed using a model-based deconvolution approach (Jbabdi
et al., 2012) to estimate up to three crossing fibers per voxel. We used the RubiX framework
(Sotiropoulos et al., 2013) to further regularize these orientations. RubiX jointly estimates
orientations in neighborhoods of voxels. To apply RubiX on a single resolution of data, the data
were downsampled by half (e.g., from 0.5 to 1 mm) and RubiX was applied to both resolutions
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(i.e., the original and downsampled data). When used in this way, some soft spatial constraints
are imposed directly on the parameter space and the model acts as an edge-preserving spatial
filter. Pilot analyses indicated that such an approach slightly increased precision of the
orientation estimates and the incidence of WM voxels modeled by three crossing fiber bundles in
regions where we expected complex fiber structure. It was therefore preferred in this study to the
more standard voxelwise estimation approach. Importantly, none of the results depends heavily
on or changes significantly due to this spatial filtering choice.

2.2.5 Probabilistic Tractography
Tractography was performed in native volume space using the WM/GM boundary surface
registered to the same 32k mesh used for the Yerkes19 atlas. Probabilistic tractography was
performed using FSL's probtrackx (http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FDT/UserGuide; Behrens
et al. 2007) using a [1/4] voxel step size constrained by a 90° threshold for maximal curvature
(angle difference) between successive steps choosing the fiber orientation with least angular
deviation from the previous tractography step. Recent versions of the tractography toolbox
(probtrackx2 in FSL version 5.0 and higher) support tracking using surfaces and volumes
simultaneously (Sotiropoulos et al., 2013). As a general inclusion criterion, streamlines were
counted if they intersected the surface mesh representing the WM/GM boundary at a minimum
of two locations. Such intersections are indicated at the level of tiles of the surface tessellation
equivalent to small planar patches parallel to the local WM/GM boundary. To avoid artifactual
loops, streamlines were terminated if they crossed the pial surface, traversed subcortical GM or a
ventricle, or revisited a previously traversed voxel. Tractography was conducted separately for
the left and right cerebral hemispheres to reduce computational time and storage requirements
and because the retrograde tracer data were available only for intrahemispheric connectivity. The
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resulting data included (cortical GM) × (cortical GM) “dense connectomes” (cortical GM) ×
(WM) × (fiber orientation) “trajectory files” (to enable visualization of fiber trajectories), and
(cortical GM) × (cortical GM) “streamline average distance matrices” (to enable computation of
distances between areas along the tractography streamlines). In this study, tractography-derived
connectivity was computed using two seeding strategies: unidirectional surface-to-surface and
bidirectional voxel-to-surface (see Fig. 2.1C,D), each yielding a dense diffusion tractography
matrix (dDT1 and dDT3, respectively).

2.2.6 WM/GM Surface to WM/GM Surface (dDT1)
dDT1 was generated with the probtrackx algorithm by seeding from every vertex on the
WM/GM boundary surface. For each vertex, random locations were generated within a sphere
with a diameter equal to the voxel edge length and centered on the vertex's coordinates. The
voxel containing this random location was chosen as the origin of a streamline, the initial
orientation of which was drawn from the underlying fiber distribution (based on the randfib and
fibst options in probtrackx). Propagation through other voxels was as described above. A
streamline that crossed a second tile of the WM/GM surface was assigned to that tile's nearest
surface vertex. A streamline connecting a pair of vertices, beginning and ending at the WM/GM
boundary surface, was considered a candidate anatomical connection and the streamline count at
both vertices was incremented. The seeding process was repeated 5000 times per seed vertex
(regardless of how many streamlines were successful), yielding a connectivity matrix (“dense
connectome”) of cortical GM to GM structural connectivity, in which the number of streamlines
between each pair of vertices was used as a surrogate for connection weight (see below).
The strategy of seeding at vertices along the WM/GM boundary surface and stopping streamlines
when they encountered the WM/GM boundary at a different location was designed to estimate
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long-distance corticocortical connectivity comprehensively within the WM proper, given known
anatomical and tractography constraints. We did not attempt to analyze trajectories within the
cortical GM, for example, to/from the specific cellular layers in which axons originate and
terminate (or to a surrogate single layer such as the cortical midthickness, as was done by
Reveley et al. 2015). This is because using tractography to assess trajectories within GM
introduces confounds that, in our view, compound rather than ameliorate the challenges of
tractography through WM. One reason is that the dominant diffusion orientation within deep
layers of GM is often tangential, especially in and near sulcal fundi (in our data and also in Fig.
1D,H of Reveley et al. 2015; see also Fig. 7 in Dyrby et al. 2011); this presumably reflects a
strong tangential plexus of dendritic as well as axonal arborizations in the deep layers.
Accordingly, tracking streamlines through deep cortical layers will frequently lead to
misalignment between streamline start/stop locations in GM and the point at which streamlines
cross into WM. This contrasts with anatomical observations that axons of cortical projection
neurons generally descend radially until they reach WM and input axons tend to ascend radially
before arborizing in their target layers (Rockland and Virga, 1989, 1990; Coogan and Burkhalter,
1993). Another consideration is that ascending and descending axons often take sharp turns (i.e.,
with a radius of curvature much smaller than a dMRI voxel) in the WM near the WM/GM
boundary, particularly in and near the fundus of a sulcus (Figs. 16.12, 16.13 of Van Essen et al.
2014; Figs. 4, 5 of Reveley et al. 2015). In such regions, it is very difficult for current
tractography algorithms to track streamlines associated with a high radius of curvature at or near
the WM/GM boundary. Instead, our approach initiates streamlines associated with a seed vertex
based on the modeled fiber orientation distribution in the nearest WM voxel. When such a voxel
occupies a predominantly tangential fiber plexus in superficial WM under a sulcus (Reveley et
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al., 2015), it is expected that many streamlines will not accurately represent actual trajectories of
axons crossing the nearby WM/GM boundary. Such cases will contribute to erroneous
connectivity estimates, but represent a fair test of tractography performance and limitations given
current methods.

2.2.7 WM to WM/GM Surface (dDT3)
dDT3 was designed to mitigate a probabilistic distance bias inherent to tractography, in which
streamlines for short pathways are more likely to be identified than those for long pathways (Li
et al., 2012; Liptrot et al., 2014). To reduce this bias, we initiated tractography from every WM
voxel enclosed in the WM surface and seeded from fiber orientations in the seed voxel according
to their anisotropic volume fraction. We tracked in both directions along the chosen seed
orientation and counted connections that intersected the WM surface once in each direction. We
seeded 100 times per seed voxel, reasoning that, because there are many more WM voxels than
surface vertices at the WM boundary, the resulting computational time and average connection
density should match that of dDT1. Our analysis should not be especially sensitive to the number
of streamlines because relatively few are needed to achieve statistical sensitivity (Ambrosen et
al., 2013; Liptrot et al., 2014). For each voxel, random locations were generated within a sphere
with a diameter equal to the voxel edge length and centered on the voxel's center. Streamlines
were seeded from these locations. This resulted in a GM-by-GM connectivity matrix in which
the number of streamlines was again used as a surrogate for connection weight.

2.2.8 Evaluating Biases in Cortical Connectivity
One component of the gyral bias for tractography (see Introduction) is attributable to the
geometry of cortical convolutions insofar as the wedge-like folding of cortex implies that a unit
surface area of the WM/GM interface is associated with a different cortical volume and therefore
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predicts higher streamline density in gyral crowns and lower streamline density in sulcal fundi.
This geometrically predicted bias was estimated using the ratio of cortical GM volume in a given
wedge to the surface area of the WM under this wedge (Van Essen et al., 2014). The observed
tractography bias was calculated by averaging streamline density across “source” vertices in
dDT1/3. To compare the predicted and actual biases directly, each vertex value was divided by
the mean value at zero curvature ± 0.025, thus normalizing the values of each. Values were
converted to a logarithmic scale for easier comparison and visualization. Note that the
appearance of the above patterns would be less easy to predict for tractography algorithms that
count streamlines on the cortical surface using voxels rather than using surface tiles and vertices
as performed here. This is due to the lower spatial specificity and a greater partial volume effect,
as described above.

2.2.9 Parcellated Tractography Connectomes
Dense tractography matrices were parcellated in two ways using command-line tools in the
Connectome Workbench. Our primary analyses were based on an “injection-site-to-area”
method, in which connectivity values were weighted in the vicinity of each of the 29 reported
tracer injection sites (see Fig. 2.1B) using a circular Gaussian distribution on the cortical surface
centered at the injection site, thereby generating an intermediate “(source-injection-zone) ×
(target-vertex)” connectivity matrix. The full width at half maximum used was 1.9 mm, based on
the estimated spread of retrograde tracer uptake reported by Markov et al. (2011). Averaging
across vertices in each parcel resulted in an injection-site-to-area 29 × 91 parcellated
connectivity matrix. We also implemented an “area-to-area” method in which connectivity
values were averaged across parcel vertices in each of the 91 cortical areas in the M132
parcellation to generate an intermediate “(source-area) × (target-vertex)” connectivity matrix
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(i.e., a 91 × 32k matrix). Identical averaging in the other direction resulted in a 91 × 91
parcellated connectivity matrix.
From both of these parcellated tractography connection matrices, the 29 × 29 area edge-complete
subgraph from the tracer study was extracted and used for all analyses comparing tractography
and tracer data. We will refer to these as the pDT129×29 and pDT329×29 matrices (pDT1 and pDT3
for short), respectively.

2.2.10 Tractography-Estimated Interareal Path Lengths
Tractography-based estimates of interareal pathway length were computed using probtrackx,
which outputs a dense distance matrix of mean streamline length between connected vertices.
This dense matrix was then parcellated using a weighted version of the “area-to-area” method
described previously, in which the number of streamlines encountering each vertex was used to
weight within-parcel average distances. This weighting makes the estimate a mean length of all
the streamlines that reached the area, instead of being a mean of the lengths associated with each
vertex within the area by emphasizing vertices having a larger number of streamlines.

2.2.11 Normalizing Connection Weights
Comparisons between tracer and tractography data were facilitated by normalizing both
measures of connection weights. As noted above, FLNe provides a quantitative and objective
measure of tracer connection weights. For tractography, we estimated connection weights based
on the number of streamlines between any pair of surface vertices. In particular, we implemented
a method of FSe to describe connection weights in tractography-derived matrices.
Because the dDT1 connectivity matrix is by nature asymmetric, symmetry could not be assumed
in computing fractionally scaled values. For this reason, it becomes important to define the index
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notation of connectivity values: DTi,j denotes the number of streamlines initiated at area index i
and terminated at area index j. Generally, the FSe value for a pathway originating in some area A
and terminating in some area B is defined as the ratio of the number of streamlines originating at
A and terminating at B to the total number of streamlines that either originate at A or terminate at
B while excluding streamlines that represent self (within-area) connections. Therefore, for a
connectivity matrix of N × N areas, DT, we computed the fractionally scaled value of FSe(DT)
for each area pair as follows:

𝐹𝑆𝑒(𝐷𝑇𝑖,𝑗 ) =

𝐷𝑇𝑖,𝑗
, 𝑤ℎ𝑒𝑟𝑒 𝑥 ≠ 𝑖 & 𝑦 ≠ 𝑗
+ ∑𝑁
𝑦=1 𝐷𝑇𝑦,𝑗

∑𝑁
𝑥=1 𝐷𝑇𝑖.𝑥

(2.1)

In this study, fractional scaling was performed after averaging within either areas or injection site
domains, thus using 91 × 91 and 29 × 91 parcellated connectome weight matrices. This makes all
parcellated tractography matrices comparable to one another, as well as to the FLNe connection
weight metric used to describe tracers. Within-area (area-to-self) connections were not
considered in this analysis and their connection weights were set to the minimum threshold value
for both tracer and tractography datasets. Symmetrization via arithmetic mean was performed
after computing the fractionally scaled connection weights. Because connection weight values
span many orders of magnitude, most analyses were performed in log-space using log10
connection weights. Averaging of connection weights across hemispheres was performed for
corresponding vertices of the dense connectome (dDT1/3) based on interhemispheric alignment
of the Yerkes19 atlas mesh.
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2.2.12 Correlation while Excluding Tractography and Tracer Weights
Correlation coefficients were used to determine the degree to which pDT1/3 reflect those
described by RT. The effect size η2 was computed to quantify the variance shared between
pDT1/3 and RT. Correlation coefficients were first computed for the full pDT1/3 and RT
matrices. Subsequently, the strongest interareal connection in the tracer matrix was removed
from both the tractography matrix being assessed and the RT matrix. The correlation coefficient
of the resulting matrices was then computed, and the process was repeated until all connections
had been removed. Because the aim of this analysis was to quantify tractography's ability to
characterize connection weights reliably, only nonzero weighted connections were considered
(i.e., all false positives/negatives and true negatives were excluded from the analysis, effectively
thresholding for connection strengths greater than zero). The impact of these false
positives/negatives is described by the subsequent detection analyses.

2.2.13 Evaluating Tractography Performance
The receiver operating characteristic (ROC), sensitivity and specificity were used to measure the
capacity of tractography to predict the existence of a connection using tracer connection weights
as an estimate of “ground truth.” Both correlation and detection performance are necessary in
interpreting tractography's ability to estimate connectivity because both acceptable correlation
and reliable detection are needed to consider results neurobiologically interpretable.

2.2.14 Relationship between Tractography Performance and Path Length
Connections were allocated by their length into bins covering a range of 10 mm. In each bin, the
median value of tracer and tractography connections was computed.
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2.3 Results
2.3.1 Folding-related Biases
Cortical folding introduces a geometric bias in which the amount of cortical GM per unit area of
the WM/GM surface is elevated in a gyral crown and reduced in a sulcal fundus relative to that
in a flat sulcal bank (Van Essen et al., 2014). If the number of axons entering and leaving the
cortex depends on cortical volume, then there should be a gyral bias in axonal density crossing
the WM/GM boundary. This in turn predicts a geometrically based gyral bias in tractography
streamline density, which may be exacerbated by the observation that the dominant fiber bundles
in diffusion imaging voxels within gyral blades tend to be oriented along the axis pointing
toward gyral crowns (Van Essen et al., 2014). To examine this issue, we used two distinct
tractography seeding methods to estimate connectivity matrices for dense (vertex-based, dDT)
and for parcellated (area-based, pDT) representations. The seeding strategies (Fig. 2.1C,D),
identified as either dDT1 (unidirectional surface-to-surface) or dDT3 (bidirectional white-mattervoxel-to-surface), yielded strikingly different patterns of overall streamline density. Figure 2.2
compares these patterns with that predicted by the aforementioned geometric cortical folding
bias (Van Essen et al., 2014). The folding pattern for macaque postmortem 1 (PM1; Fig. 2.2A)
predicts a geometric bias (Fig. 2.2B) in which the density of axonal connections should be
elevated in gyral crowns and reduced in sulcal fundi relative to flat sulcal banks by a magnitude
that is approximately symmetric across gyral and sulcal regions and has a range twice that of the
average connection density. The relative density of observed tractography streamlines in dDT1
(Fig. 2.2C) shows modest regional differences that are not correlated with the folding-predicted
bias (r = −0.08). In contrast, dDT3 (Fig. 2.2D) exhibits streamline densities that exceed the
prediction in many regions (both gyral and sulcal), yet correlate with it modestly (r = 0.36).
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Further inspection of these biases suggest that streamlines may be particularly underrepresented
in sulcal regions and somewhat overrepresented in gyral regions, consistent with observations of
Reveley et al. (2015); this contrasts with the relatively unbiased distributions of retrogradely
labeled neurons observed in tracer studies (Markov et al., 2011, 2014). Therefore, the overall
fidelity of estimates of axonal densities using functions of the number of tractography
streamlines will be affected by such biases. However, they should be ameliorated in a parcellated
analysis to the degree that each cortical area spans a mixture of gyral and sulcal cortex.

Figure 2.1: Markov et al. (2014) macaque cortical parcellation mapped to the inflated left hemisphere of the
Macaque Yerkes19 atlas and diffusion tractography seeding strategies. A. The 91-area parcellation used for both
retrograde tracer and tractography analyses. B. The 29 areas associated with cortical injection sites areas, with
injection locations (black spheres) reported by Markov et al. (2014) projected to the cortical surface. C. dDT1,
surface-to-surface tractography seeding strategy. D. dDT3, dual voxel-to-surface tractography seeding strategy.
Full data are available at https://balsa.wustl.edu/RP92.
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Figure 2.2: Geometry-predicted versus observed tractography streamline density biases for monkey PM1
normalized to the mean streamline density at flat regions (sulcal banks). A. Folding pattern. B. Geometric bias
predicted via the ratio of cortical GM volume to WM surface area. C, D. Observed tractography bias of dDT1/3
computed via average streamline density at each surface vertex. Scale bars are in log2 units. Full data are available
at https://balsa.wustl.edu/R7kj.
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2.3.2 Parcellated Connectivity Analyses
The dense tractography matrices dDT1 and dDT3 were converted to initial hemisphere-specific
parcellated matrices pDT1 and pDT3, respectively, using the 91-area cortical parcellation
generated by Markov et al. (2014) and mapped to the Yerkes19 group average surface-based
atlas. Tractography-based parcellated connectivity matrices (“parcellated connectomes”) were
highly correlated between left and right hemispheres of individual brains (PM1: r = 0.86, PM2A:
r = 0.92, PM2B: r = 0.93). Therefore, the tractography results reported here were averaged across
hemispheres and displayed after registration to the left hemisphere of the atlas surface. Fractional
scaling was then implemented to generate the final pDT1 and pDT3 connectivity matrices.
Figure 2.3A shows the tracer-based parcellated connectivity map (connection weights) averaged
across multiple injections in foveal V1 (Markov et al., 2011, 2014), revealing notably strong
connections with several extrastriate visual areas, including V2, V4, MT, and TEO. Also shown
are pDT1 connectivity maps for monkey PM1 (Fig. 2.3B) using a seeding method restricted to
the location of the tracer injection (injection-site-to-area or IS-A method; see Materials and
Methods). Visual inspection suggests that tractography examples exhibit patterns similar to those
produced by tracers, though with some important differences. For example, area MT is more
weakly connected with V1 according to tractography than tracer. The tractography maps also
show consistent false positives in medial parietal, insular, and somatomotor regions that are low
to moderate in estimated weight. The false-positive medial pathways may reflect trajectories that
run through the large cingulum bundle. In Figure 2.3C, the tracer injection in area F5 reveals
connectivity with 72 cortical areas, including all areas of frontal cortex and areas 2 and SII of
parietal cortex. The pDT1 map for PM1 (Fig. 2.3D) also shows connectivity with frontal regions
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and moderate connectivity with areas 2 and SII. Similar trends for both V1 and F5 connectivity
were observed using pDT3.

Figure 2.3: Tracer and tractography log-scale connection weights for area V1 (A, B) and F5 (C, D). Retrograde
tracer connection weights were based on FLNe to each injected area from the full 91-area parcellation.
Tractography brain postmortem 1 was FSe. Areas V1 and F5 are labeled in blue in A, B and C, D, respectively.
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Black spheres illustrate the corresponding tracer injection sites for each area. Full data are available at
https://balsa.wustl.edu/R698 and https://balsa.wustl.edu/R1Xr.

Retrograde tracers identify unidirectional pathways, whereas tractography is inherently
bidirectional given the physical nature of the water diffusion signal. Our primary comparisons
with tractography used the symmetrized 29 × 29 subgraph of the full (29 × 91) tracer matrix. As
performance metrics, we report the Pearson correlation coefficient (r) to describe linear
dependences and η2 to indicate the proportion of associated variance (which would differ from
r2 if there were a nonlinear dependence). Separate connectivity matrices were computed using
tracer injection sites as seeds (IS-A) or by a whole area-to-area method (A-A). The fractionally
scaled pDT129×29 IS-A matrices were reasonably correlated with tracer (PM1: r = 0.59, η2 =
0.35; PM2A: r = 0.60, η2 = 0.36 and PM2B: r = 0.55, η2 = 0.31), with all subject A-A cases
showing similar correlation values (same value for PM1 IS-A and A-A). The 29 × 29 IS-A
matrices were highly correlated across brains and scans (PM1/2A: r = 0.89; P1/2B: r = 0.85 and
PM2A/2B: r = 0.94).
In the following, we report results for PM1 parcellated using the IS-A method. PM1 was chosen
to minimize species differences (tracer and PM1 were both macaques; PM2 was a vervet); the
IS-A method was used to better emulate the focal nature of the tracer injections. PM2A and
PM2B, scanned with b values of 4000 and 8000 s/mm2, respectively, provide additional insight
into how differences in scan parameters may affect tractography performance (see Supplemental
Materials).
Compared with absolute streamline densities, fractional scaling and symmetrization improved
tractography's correlations both with tracer (from r = 0.48 to r = 0.59 and from η2 = 0.23 to η2 =
0.35) and between pDT1 and pDT3 in the same animal (correlation between the 91 × 91 pDT1
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and pDT3 matrices (log values, fractionally scaled) yielded r = 0.95, 0.96, 0.97 for PM1/2a/2b,
respectively). Figure 2.4A illustrates fractionally scaled PM1 connection weights plotted against
tracer, with data points labeled according to their tractography-based interareal path length. For
high values of FLNe (tracer), the tractography weights (FSe) are slightly below the diagonal,
indicating that tractography tends to underestimate connection weights by a modest amount for
the most strongly connected pathways, which are generally fairly short (<20 mm). For
moderately and weakly connected anatomical pathways, the degree of correlation is less evident
visually.

Figure 2.4: Tracer versus tractography performance comparison. A. Scatterplot of RT vs tractography (pDT1) logscale connection weights in case PM1. Data points are depicted according to their corresponding path length bin
(bin width = 20 mm; excluded path lengths > 80 mm, n = 10). The solid line denotes the least absolute residuals fit
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to data excluding points along either axis (false negatives: n = 13; false positives: n = 76). The dashed line (y = x)
is for reference. B. Correlation between tractography and tracer connectivity weight in case PM1 for pDT1 and
pDT3. Dotted lines represent second-order polynomial fits to the plotted data points. The horizontal axis depicts the
number of connections remaining in tractography matrices. Only true positives were considered in this analysis. The
final 10% of values were excluded due to low sample size. C. x-axis represents false positive rate (FPR); y-axis
represents true positive rate (TPR). Results suggest similar performance for pDT1 and pDT3. D. Sensitivity and
specificity were similar for pDT1/3. Cutoff refers to the experimental connection weight detection threshold.

Another measure of tractography's performance examined correlations while progressively
removing connections from strongest to weakest as reported by tracer. We analyzed only true
positives (connections detected by both tractography and tracer; n = 309) to avoid penalizing
tractography for binary detection mistakes; that is, excluding false positives (n = 76), false
negatives (n = 13), and true negatives (n = 8). As shown in Figure 2.4B, the correlation with
tracer for both pDT1 and pDT3 becomes weaker as progressively more high-weight connections
are excluded; therefore, pDT1 correlation was halved (r = 0.28) when the strongest 25% of
connections had been removed. However, modest correlation remains even for weak connections
(after the strongest half of connections had been removed, pDT1: r > 0.2 and pDT3: r > 0.1).
To assess tractography's ability to detect connections in a purely binary fashion, we performed a
ROC analysis on the same data (Fig. 2.4C). This analysis produces a metric, the area under the
curve (AUC), that quantifies the classifier's accuracy (1 signifies perfect prediction of tracer; 0.5
signifies no better than chance). The AUC was 0.71 for pDT1 and 0.72 for pDT3, suggesting that
tractography is a fair but far from perfect predictor of connection presence. Sensitivity and
specificity (Fig. 2.4D) also exhibit similar performance for pDT1 and pDT3. At a cutoff
threshold of zero, sensitivity is almost unity (all but a few percent of tracer-based pathways are
detected by unthresholded tractography), but specificity is about 0.1 (tractography correctly
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predicted only ∼10% of true negatives). The intersection of the sensitivity and specificity curves
occurs at 0.65 for pDT1 and 0.67 for pDT3 (a value of 1 being a perfect test). The associated
cutoff value (6.5E-5 FSe for pDT1 and 1.1E-4 FSe for pDT3) offers a balanced compromise
between maximizing true positives and minimizing false positives for this particular analysis.
When thresholding from weakest to progressively stronger connections, the correlation
coefficient remains relatively flat and is above r = 0.5 at the threshold noted here.

2.3.3 Relationship between Tractography Accuracy and Interareal Path
Length
We estimated interareal path lengths based on the streamline trajectories generated by
probabilistic tractography (see Materials and Methods). These estimates are likely more accurate
than the piecewise-linear trajectories within WM used previously to estimate interareal distances
(Ercsey-Ravasz et al., 2013) because observed anatomical trajectories can be curved or irregular
(Schmahmann and Pandya, 2009; Jbabdi et al., 2013) as they navigate around subcortical nuclei
(e.g., basal ganglia, thalamus). The pDT1/3-derived path lengths were highly correlated with
those reported by the tracer study (r = 0.84; η2 = 0.71).
Correct classifications, false positives, and false negatives were sorted by path length (Fig. 2.5A,
10 mm bins). False positives and false negatives were absent for path lengths <20 mm and their
incidence increased with longer path lengths. Nevertheless, tractography performed reasonably
well in identifying long connections (up to 60–70 mm). Median values were determined for both
tracer and tractography within each bin (Fig. 2.5B) and showed that tractography correlated well
with median tracer values at path lengths <50 mm, but their values diverged at longer path
lengths. It is unsurprising that tractography is a stronger predictor of connection classification
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and characterization for shorter paths, but this analysis provides additional objective measures of
performance as a function of connection path length.

Figure 2.5: Tractography performance as a function of path length. A. Number of correct tractography detections,
false positives, and false negatives (using tracer as ground truth). B. Median connection weights of correctly
classified connections binned by tractography-measured connection path length. C. Tracer connection weights
versus tractography-derived path length. D. Tractography connection weights versus tractography-derived path
length. Solid lines correspond to least absolute residual fit to data excluding points along axes.
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The relationship between a connection's logarithmic weight and its path length shows a
quasilinear decline for both tracers (Fig. 2.5C) and tractography (Fig. 2.5D). This confirms a
previously reported (Ercsey-Ravasz et al., 2013) exponential distance relationship for tracers and
extends it to tractography, in both cases using the aforementioned tractography-derived path
lengths as opposed to linear piecewise path length estimates computed in the tracer study
(Markov et al., 2014). We used the slope (S) of this line along with path length (PL) to regress
the relationship out of the data as follows: GDR = G + S * PL. The result (Fig. 2.6A) shows that
the correlation between tractography and replace is markedly reduced (r = 0.22, η2 = 0.05).

Figure 2.6: Comparison of tracer versus tractography log-scale connection weights with reduced path length
dependency. A. Tracer and tractography log-scale connection weights after regression of estimated exponential
relationship. Data points are depicted according to their corresponding path length bin (bin width = 20 mm;
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excluded path lengths >80 mm, 2.5% of all connections). The solid line denotes the LAR fit to data excluding points
along either. The dashed line (y = x) is for reference. B. Correlation between tractography and tracer connectivity
weight in case PM1 for pDT1 and pDT3 after regression of estimated exponential relationship. Dotted lines
represent second-order polynomial fits to the plotted data points. Data inclusion is as described in Figure 2.3. C, D.
Analyses from A and B applied to full 29 × 91 connectivity dataset. The increase in false negatives (n = 128) and
false positives (n = 788) were proportional to sample size. The correlation between tracer and tractography
connection weight was r = 0.43.

We applied our previous correlation analysis that involved progressive removal of connections
strongest to weakest (Fig. 2.4B) after regressing out the estimated exponential path length
relationship (Fig. 2.6B). This reduced the correlation over the whole range of remaining
connections relative to that shown in Figure 2.4B, but, interestingly, the correlation remains
positive even for weak connections (right half of plot). We then expanded the analysis from the
29 × 29 connectivity matrix to the full 29 × 91 tracer and tractography matrices (Fig. 2.6C,D).
Inclusion of these additional samples (unidirectional for tracer; bidirectional for tractography)
made the correlation curve less noisy and also strikingly flatter. Therefore, inclusion of
unidirectional pathways degraded correlations for stronger pathways (left half of plot) but
strengthened the correlations when a much larger number of weaker connections remain (right
half). These observations suggest that tractography is modestly informative about anatomical
connection weights over a wide range of connection weights and path lengths beyond what can
be surmised simply from their exponential relationship with distance.

2.4 Discussion
By comparing tractography-created cortical connectomes systematically with published
parcellated connectome data derived from neuroanatomical tracers, we have shown that current
state-of-the-art tractography performs much better than chance, yet far from perfectly, in
detecting neuroanatomical pathways and estimating weights corresponding to their connection
strength. Our analysis benefitted from a fractional scaling normalization scheme to assess the
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correlation between connection weight metrics reported by these two modalities. We confirmed
an exponential relationship between connection weight and interareal path length and showed
that tractography remains modestly predictive after regressing out this relationship.
Of the two tractography seeding strategies used, the unidirectional surface-to-surface method,
producing dDT1, had a slight performance advantage over the bidirectional voxel-to-surface
(dDT3) method. Relative to a geometrically predicted streamline bias, dDT1 showed a bias
similar in magnitude, but different in spatial pattern, whereas bias from dDT3 exceeded the
predicted bias, especially in sulcal regions. When tracking out from the WM (dDT3), streamline
density tends to be lower in sulci and higher in gyri (Van Essen et al., 2014). Our findings
suggest that a strong negative sulcal bias predominates over a weaker positive gyral one. This is
likely related to dense WM fiber bundles parallel to the WM/GM boundary (Reveley et al.,
2015), which (1) impede tractography detection of weaker crossing fiber bundles entering/exiting
GM in sulcal fundi and (2) include streamlines that run within these superficial WM bundles but
fail to track accurately the relatively sparse fraction of axons within these bundles that branch or
turn sharply to enter/exit the overlying GM.
We found that tractography became less correlated with tracer as strong connections were
removed progressively. Importantly, each weak interareal pathway involves far fewer neurons
and axons than each strong pathway. Therefore, in aggregate, weaker pathways account for a
small fraction of overall connectivity at the level of cells and axons, though weak and strong
pathways both contributed to our reported correlation coefficients.
Investigating tractography's ability to classify connection existence using a ROC analysis
revealed performance that can be considered “fair” or “moderate” insofar as the AUC was 0.71
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in the case of pDT1. In our data, the intersection of sensitivity and specificity curves
corresponded to a plausible tractography threshold FSe of 6.5E-5 for pDT1 (1.1E-4 for pDT3).
Although specific to this study, this threshold offers a starting point when considering possible
thresholds for other datasets, including humans and other species in which connectivity “ground
truth” is completely lacking.
The observed trend between connection weight and path length in both tracer and tractography is
consistent with previous observations of a “noisy” exponential relationship (Ercsey-Ravasz et al.,
2013). Regressing out this relationship indicates that, whereas path length is a major factor in
estimating connection weights, tractography has useful explanatory power that transcends
predictions based purely on connection path length. Algorithmic refinements that better model
anatomically observed path length dependency may enhance tractography's utility in
characterizing long-distance pathways (Liptrot et al., 2014).
The quality of postmortem dMRI imaging data used here surpasses typical spatial and angular
resolutions used in conventional in vivo dMRI, though recent advances such as multiband
acceleration (Feinberg et al., 2010; Setsompop et al., 2012) can reduce this gap (Sotiropoulos et
al., 2013). A previous analysis of different fiber orientation modeling methods (Thomas et al.,
2014) found that the original ball and stick model (Behrens et al., 2007) effectively balanced
sensitivity and specificity when identifying connections and was robust to changes in angular
threshold. We used an improved ball and stick model that accounts for non-mono-exponential
decay (Jbabdi et al., 2012), enabling estimation of up to three crossing fibers per voxel. By
making these datasets freely available, other investigators will be able to compare and contrast
the performance of alternative fiber orientation and tractography models.
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A recent study (van den Heuvel et al., 2015) reported low correlations (r = 0.26–0.31) between
macaque in vivo tractography and two macaque tracer datasets, the CoCoMac database and the
Markov et al. (2014) dataset analyzed in the present study. We attribute our twofold higher
correlation (0.59) to differences in analysis methods as well as data acquisition. For dMRI
acquisition, we used higher spatial resolution (0.43–0.5 vs 1.1 mm isotropic voxels), angular
resolution (120 vs 60 diffusion directions), b values (8000 vs 1000 s/mm), and scan durations.
Higher spatial and angular resolution may improve the fidelity of tractography modestly
(Sotiropoulos et al., 2013; Thomas et al., 2014; Jbabdi et al., 2015; Wu and Zhang, 2016).
Potentially important analysis differences include our finer-grained parcellation (the 91-area
Markov parcellation vs their 39 area “WBB47” parcellation). van den Heuvel et al. (2015)
attempted to reduce effects associated with tractography false positives by thresholding based on
reproducibility of connections (>60% of the 10 monkeys scanned), but the resulting tractography
connectivity matrix was notably sparse (their Fig. 1B). We instead performed separate analyses
for correlating connectivity strength (using the full connectivity matrix) and ROC analysis to
describe the effects of false positives and negatives. Finally, despite their low reported
correlation coefficients (accounting for <10% of observed variance), they interpret their results
more optimistically than we consider warranted for even our own data by stating that “in vivo
DWI connectome reconstructions” “represent fairly realistic estimates of the wiring strength of
WM projections” and this is a “valid methodology for robust description and interpretation of
brain wiring” (van den Heuvel et al., 2015).
Although our approach aimed to compare tractography with tracers fairly, we also note
limitations in the representation of “ground truth” using retrograde tracers. First, repeated tracer
injections into the same portion of the same area vary approximately one order of magnitude
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around the group mean (Markov et al., 2011), presumably reflecting a combination of genuine
individual variability in connection weight, statistical fluctuations, and methodological
limitations. Second, most identified connections are reciprocal but exhibit weight asymmetry
(0.2 log units on average). The incidence of nonreciprocal pathways reported (Markov et al.,
2014) exceeds that from an older meta-analysis (Felleman and Van Essen, 1991), but is
comparable to recent studies in the mouse (Oh et al., 2014; Zingg et al., 2014), suggesting
commonality of interareal pathway asymmetry. Third, we used a 91-area parcellation (Markov et
al., 2014) based mainly on architectonic boundaries in a single atlas hemisphere. Methodological
factors limit the fidelity with which the M132 histology-based atlas parcellation was mapped to
the individual hemispheres used for tracer injections and to the Yerkes19 atlas. Fourth,
retrogradely labeled neuronal counts reflect only one aspect of connection weights. Anterograde
tracers provide complementary information relating to axonal terminations, but results are harder
to quantify accurately. Finally, there is substantial internal heterogeneity in the connectivity of a
given area, especially those organized topographically (Markov et al., 2014). Because each
retrograde tracer injection was restricted to one locus, observed profiles of connection weights
may inadequately represent the area as a whole. For tractography, this can be addressed by
applying our “injection-site-to-area” method to additional sites.
Our observations are relevant to human in vivo diffusion imaging studies, including the highresolution dMRI data from the HCP (Sotiropoulos et al., 2013; Vu et al., 2015), but diverse
differences make such comparisons challenging. Human neocortex is ∼10-fold larger than that
of the macaque (Van Essen et al., 2012a, 2012b) and WM occupies a larger fraction of human
brain volume. However, dMRI voxel sizes are larger (1.05 mm/1.25 mm for the HCP and
conventionally 2 mm vs 0.43–0.5 mm in the present study), so the number of voxels spanning a
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gyral WM blade may be approximately comparable. Postmortem monkey scans were longer
(>60 h non-EPI, nonaccelerated postmortem acquisitions vs 1 h for HCP and typically less for
human in vivo using EPI, often accelerated) and used higher b values, compensating for reduced
diffusivity ex vivo compared with in vivo (D’Arceuil et al., 2007). Given these anatomical and
methodological differences, the correlation between tractography-based connectivity and a
hypothetical “ground truth” connectivity in humans might in principle be either higher or lower
than what we reported here for monkeys. Our evidence that monkey tractography connection
weight estimates are accurate to within one or two orders of magnitude relative to tracer-based
ground truth suggest that quantitative studies in humans may be limited to an approximately
comparable degree using high-quality data such as that from the HCP and perhaps even more for
many widely used protocols.
In summary, when using tracers as ground truth, diffusion tractography in postmortem NHPs is a
fair detector of cortical interareal connections and a reasonably reliable predictor of weight for
strong connections, but less so for longer pathways. Connectivity assessments may benefit from
algorithmic refinements (e.g., fiber fanning models; Sotiropoulos, Behrens, and Jbabdi 2012).
Tractography may also benefit robustly from anatomically informed priors using rules that
depend on anatomical location in relation to identifiable landmarks or local features such as
proximity to cortical GM. The quantitative findings (as well as freely shared data) reported here,
whereas not directly translatable, may nonetheless aid in analyzing and interpreting human
tractography data.
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Chapter 3: Quantitative Assessment of
Prefrontal Cortex in Humans Relative to
Nonhuman Primates
The following was adapted from a published study (Donahue et al., 2018). Copyright is retained
by the authors. All related data is available at https://balsa.wustl.edu/study/show/zlVX.

3.1 Introduction
Cerebral cortex varies dramatically in size and surface area across mammals. Human cortex is
the largest among primates, with a surface area roughly threefold larger than in chimpanzees and
about 10-fold larger than in the intensively studied macaque monkey (Orban et al., 2004; Van
Essen, 2004a; Van Essen and Dierker, 2007; Van Essen et al., 2012b, 2012a; Glasser et al.,
2014). Many studies have reported that association cortex [prefrontal, temporal, and parietal
regions implicated in higher cognition and affect (Bechara et al., 2000; Murray et al., 2007; Rolls
and Grabenhorst, 2008)] is disproportionately larger in humans relative to nonhuman primates
(Brodmann, 1912; Geschwind, 1965; Blinkov and Glezer, 1968; Preuss, 2011, 2017; Passingham
and Smaers, 2014; Mars et al., 2017). However, other studies report different conclusions,
especially for prefrontal cortex (PFC) (Semendeferi et al., 2002; Barton and Venditti, 2013; Gabi
et al., 2016), resulting in an ongoing controversy (Sherwood and Smaers, 2013).
Analyses of this type are often viewed through the lens of allometry by comparing the size of a
given brain region with another measure, such as overall brain size, across a range of species.
Allometric scaling implies a linear relationship when plotting data on a logarithmically scaled
plot, where the slope of the best-fitting line may show positive (slope >1; hypermetric), isometric
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(slope = 1), or negative (slope <1; hypometric) allometry. Furthermore, a significant positive
deviation of a single species from an allometric relationship would be referred to as
“exceptional” [e.g., human brain weight relative to body weight is exceptionally large compared
with other mammals (Schoenemann, 1997)]. Some studies have reported a positive allometric
relationship across primate species based on the size of the PFC and the rest of the brain using
structural volumes (Bush and Allman, 2004; Barton and Venditti, 2013). Others have compared
PFC to lower-order cortical areas and reported a deviation in humans from the allometric trend
when comparing the size of the PFC with that of primary visual (area V1) and frontal motor
cortex (Passingham and Smaers, 2014; Smaers et al., 2017). In contrast, Gabi et al. (2016)
recently reported evidence for an isometric relationship using neuronal counts for PFC vs. other
cortical regions.
Other morphometric analyses inform but do not resolve this debate. Semendeferi et al.
(Semendeferi and Damasio, 2000; Semendeferi et al., 2002) reported that although frontal,
temporal, and parietal lobes are larger in humans than in apes, the fraction of total cortex
belonging to each region is similar across species. By contrast, studies using surface-based
interspecies registration (mapping) constrained by putative cortical homologs suggest that
surface area in these regions is disproportionately larger (20-fold or more in places) in humans
compared with macaques, whereas early sensory regions (e.g., area V1) are expanded as little as
twofold (Orban et al., 2004; Van Essen, 2004a; Van Essen and Dierker, 2007); there are also
regional differences in estimated PFC extent when comparing marmoset, capuchin, and macaque
monkeys (Chaplin et al., 2013). Furthermore, cortical myelin maps derived from in vivo MRI
reveal a greater extent of lightly myelinated cortex in both association and higher-order sensory
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regions in humans compared with chimpanzees and macaques, whereas species differences
appear more modest in heavily myelinated early sensorimotor regions (Glasser et al., 2014).
These conflicting results and interpretations regarding PFC scaling may largely reflect
methodological differences among studies (Sherwood and Smaers, 2013; Smaers et al., 2017).
One such difference is the region with which the PFC is being compared. Bush and Allman
(2004) compared frontal gray matter with remaining neocortical gray matter, whereas Smaers et
al. (2017) compared the PFC with more evolutionarily conserved, lower-order cortical regions
such as primary visual cortex (area V1). Some studies focus on volumetric differences in cortical
gray matter and/or the extent of the underlying white matter (Schoenemann, Sheehan, and
Glotzer 2005), whereas others consider counts of neurons for gray matter and nonneuronal cells
for white matter (Gabi et al., 2016). Most striking are differences in delineating what constitutes
the PFC. A lack of comparative architectonic or other data that could directly identify the
location of homologous areas and regions has led some investigators to instead invoke
neuroanatomical proxies for the PFC. For example, Semendeferi et al. (2002) analyzed the entire
frontal lobe, whereas Smaers et al. (2011) investigated cumulative frontal lobe volumes starting
respectively from its anterior (prefrontal) and posterior (motor) extremes. Schoenemann,
Sheehan, and Glotzer (2005) and Gabi et al. (2016) explicitly approximated the PFC using a
morphological surrogate: cortex anterior to the genu of the corpus callosum. However, the
accuracy of this genu-based approximation has yet to be critically assessed.
Generally, “PFC” has referred to frontal lobe association cortex lying anterior to motor and
premotor regions. Many studies have used cytoarchitectonics in efforts to objectively delineate
the PFC. Cortical layer 4 can appear granular (with a high density of small neurons), agranular
(lacking a well-defined layer 4), or dysgranular (having a subtle layer 4 with a modest density of
46

small neurons). The earliest delineation of the PFC was Brodmann's (1912) regio frontalis,
consisting of granular frontal and orbital cortex. More recent studies consider the PFC to include
both granular and dysgranular regions of medial frontal and orbitofrontal cortex in human
(Öngür et al., 2003) and macaque (Carmichael and Price, 1994) and lateral frontal cortex in both
species (Petrides and Pandya 2002; Petrides and Pandya 1999; Preuss 1995). Geyer (2004)
analyzed human premotor and prefrontal regions and reported that agranular cortex in posterior
Brodmann area 6 (premotor) transitions anteriorly to dysgranular cortex by a graded
cytoarchitectonic transition rather than by a sharp boundary. Consistent with this hypothesis,
functional neuroimaging analyses implicate some agranular as well as dysgranular frontal lobe
areas in higher cognitive function (Glasser et al., 2016a).
To address differences in PFC across several primate species, we used structural MRI datasets
from humans, chimpanzees, and macaque monkeys to generate cortical surface models of
individual subjects, estimate cortical myelin content and thickness, and register individuals to
species-average atlases. We then utilized available data to delineate the PFC in several ways. We
present PFC delineations based on architectonic criteria and on the callosal genu PFC
approximation in all three species and on combined functional and architectonic criteria for
humans and macaques. Because we analyzed only three species, we could not create a robust
nonhuman primate allometric scaling regression to evaluate whether data points for humans are
exceptional. Instead, we focus on the relative scaling of the PFC across species compared with
non-PFC cortex, area V1, and area 4.
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3.2 Materials and Methods
3.2.1 Data Collection
We used publicly available healthy young adult human structural T1w and T2w scans acquired at
0.7-mm isotropic resolution as part of the HCP, using the HCP’s standard protocol (Glasser et
al., 2013). Although we were able to balance by sex in choice of human subjects, this was not
feasible for nonhuman primates due to data availability. From a larger HCP subject set, 60
unrelated subjects (30 male and 30 female) were selected for analysis from the S500 HCP data
release. Human data were acquired, processed, and publicly released by the Human Connectome
Project (HCP). The HCP obtained informed consent from all participants and was approved to
conduct human studies by the Washington University in St. Louis Institutional Review Board
(#201105040 date: June 2, 2011). For the macaque and chimpanzee structural T1w and T2w
scans we used data previously acquired at the Yerkes National Primate Research Center at
Emory University. A group of 19 adult macaques (1 male and 18 female) was scanned at 0.5-mm
isotropic resolution. A group of 29 adult chimpanzees (all female) was scanned at 0.8-mm
isotropic resolution. For the macaque and chimpanzee datasets, localized signal dropout was
observed in anterior insular and orbitofrontal cortex. Nonhuman primate data were acquired
through separate studies covered by animal research protocols approved by the relevant
institutional committees.

3.2.2 Image Preprocessing
For each human subject, T1w and T2w scans were initially processed using the minimal
preprocessing pipelines developed for the HCP (Glasser et al., 2013) to maximize alignment
across imaging modalities and minimize distortions and blurring of the data. Field maps were
available, and readout distortion was corrected in humans. Intersubject registration to a group48

average atlas surface was performed using a two-stage process based on the MSM algorithm
(Robinson et al., 2014), where an initial gentle stage is driven by cortical folding patterns and a
more aggressive second stage utilizes cortical areal features of myelin, resting-state network
maps, and visuotopic maps (Glasser et al., 2016a).
A version of the HCP pipelines adapted for nonhuman primates (HCP-NHP pipelines) (Donahue
et al., 2016) was used to process macaque and chimpanzee T1w and T2w structural scans.
Initially, the PreFreeSurfer pipeline aligns T1w and T2w volumes to native anterior
commissure–posterior commissure (AC–PC) space and performs brain extraction, cross-modal
registration, bias field correction, and nonlinear volume registration to atlas space using the
FMRIB Software Library (FSL; University of Oxford) (Smith et al., 2004).
A nonhuman primate-specific pipeline, FreeSurferNHP, differs from the HCP FreeSurfer
pipeline in the following ways: (i) using nonhuman primate volume templates and adjusting the
brain size parameter to 80 mm for the macaque and 120 mm for the chimpanzee and (ii)
converting the data into a “fake” 1-mm × 1-mm × 1-mm space to conform to FreeSurfer
requirements without interpolation (Fischl, 2012). This last modification allows the full
resolution of the nonhuman primate data to be used for surface generation. Species-specific
volume and surface templates were used for registration before transformation back into the 0.5mm input space. Cortical thickness is then computed, modifying the maximum cortical thickness
parameter (from a default value of 5 mm) in the FreeSurfer mris_make_surfaces command to
conform to scan resolution as ‘5/resolution’ mm to ensure that the fake 1-mm space does not set
too low a cap on the cortical thickness (0.5 mm data faked to 1 mm would make a 5-mm cortical
thickness limit into a 2.5-mm cortical thickness limit if not adjusted).
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The PostFreeSurfer pipeline uses MSM-Sulc surface registration, a version of MSM where
alignment is driven by cortical shape [FreeSurfer’s “sulc” (sulcal) measure]. The pipeline
produces a high-resolution 164-k surface mesh (∼164,000 vertices per hemisphere), as well as
two lower-resolution meshes (32 k/10 k for macaque and 32 k/20 k for chimpanzee). In addition
to surface reconstruction, myelin maps (average maps of myelin content across the cortical
layers) are created based on the T1w/T2w ratio (Glasser and Van Essen, 2011; Glasser et al.,
2013, 2014). However, the cortical thickness and myelin maps are likely biased in regions of
localized signal dropout (anterior insular and orbitofrontal cortex) because of an imperfect
cortical segmentation.

3.2.3 Group-Average Atlases and Cortical Parcellations
Individual subject registration to a group-average atlas enables accurate comparisons across
subjects. The HCP Multimodal Parcellation [HCP_MMP1.0 (Glasser et al., 2016a)] provided
both an atlas space for registration of individual human subjects and a cortical areal classifier for
creating individual-subject parcellations. This classifier identified the 180 cortical areas per
hemisphere if the fingerprint of each area was detected but allowed the identification of fewer
areas. These areas vary in size and shape relative to the original areas defined using groupaverage data. Additionally, a more accurate medial wall was created to restrict analyses to
neocortex and transitional cortex (but excluding the hippocampal formation medial to the
presubiculum).
The Yerkes19 macaque surface-based atlas (Donahue et al., 2016) was created using the 19
previously described adult macaque subjects. The HCP-NHP pipelines were used to extract
cortical surfaces and subcortical volumes from structural MRI scans. Interhemispheric alignment
was driven by 45 geographically corresponding landmark contours per hemisphere, analogous to
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the landmark-based alignment performed for the F99 macaque surface-based atlas (Van Essen et
al., 2012a). The Ferry et al. (2000), Lewis and Van Essen (2000), and Paxinos et al. (2000)
histological parcellations were mapped to the Yerkes19 atlas from the F99 atlas (Ferry et al.
2000; Paxinos et al. 2000; Lewis and Van Essen 2000) using the MSM algorithm driven by a
combination of cortical folding (mean curvature) and revised medial walls (excluding
hippocampal cortex medial to the presubiculum) for both atlases. Mean curvature was used as a
registration constraint because an accurate FreeSurfer-based sulc map was not available for the
F99 atlas surface, which had been generated using the SureFit segmentation method (Van Essen,
2004a) that does not produce the white matter surface required to create a sulc map.
The Yerkes29 chimpanzee surface-based atlas was created in a similar fashion, using the 29
previously described adult chimpanzee subjects. The Bailey et al. cytoarchitectural atlas (Bailey
et al., 1950) was used to systematically map cortical areas from published coronal volume slices
to the Yerkes29 atlas. Images of histological slice drawings (intermediate between coronal and
axial planes) taken from the Bailey et al. atlas were visually matched to corresponding slices in
an individual chimpanzee MRI structural scan, using an individual chimpanzee (Edwina) whose
frontal convolutions were like those in the atlas, based on visual inspection. These coronal areal
designations were then projected to the cortical group average surface based on Bailey et al.’s
cortical surface figures and our group-average maps of myelin and sulcal depth.
Delineations approximating PFC based on the genu of the corpus callosum were created by
identifying the coronal slice precisely anterior to the genu when individuals were aligned so that
the axial slice was parallel to the AC–PC line. All gray and white matter anterior to this coronal
slice was considered part of this genu-defined region.
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3.2.4 Assigning Prefrontal Cortical Areas
Individual cortical areas were identified as belonging to PFC based on published criteria and
delineations (Öngür, Ferry, and Price 2003; Carmichael and Price 1994; Petrides and Pandya
2002; Bailey, Bonin, and McCulloch 1950; Frey et al. 2011). For each cortical area located in the
frontal lobe, primary qualities tabulated included previously published areal classification as PFC
and the histological description of areal cortical layer IV (granular, dysgranular, lightly granular,
or agranular). Cytoarchitectonically granular/dysgranular areas were included in the delineation
of conservative PFC, and agranular areas associated with cognitive-related function were
additionally included in the liberal PFC delineation. Additional information about the studies
used to define PFC delineations is provided in this study publication’s Supplemental Information
Tables S2 and S3 (Donahue et al., 2018).

3.2.5 Delineating Areas V1 and 4
To identify area V1, we used the HCP_MMP1.0 (Glasser et al., 2016a) for delineation of V1 in
the human, myelin maps plus the Lewis and Van Essen parcellation (Lewis and Van Essen,
2000) for delineation in the macaque, and myelin maps plus the Bailey et al. cytoarchitectural
atlas (Bailey et al., 1950) for delineation in the chimpanzee. Area 4 was identified in humans
using the HCP_MMP1.0 parcellation; for chimpanzees and macaques, delineations were based
mainly on group-average myelin and cortical thickness maps and their gradients, while also
striving for consistency with published atlases (Paxinos et al. 2000; Saleem and Logothetis 2006)
(see areal delineations in Fig. 3.2 and this study publication’s Supplemental Information Fig. S4
(Donahue et al., 2018)).

3.2.6 Calculation of Cortical Gray Matter and White Matter Volumes
Total cortical volumes were determined by isolating the cortical gray matter ribbon (as defined
by the space between white and pial surfaces) and the underlying white matter [as defined by
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FreeSurfer segmentation (Fischl et al., 2002; Fischl, 2012)] in the native subject space. Total
cortical surface areas and mean cortical thicknesses were computed for each subject using the
native midthickness surface mesh and excluding the medial wall, using a revised medial wall
demarcation for the macaque (i.e., excluding hippocampal cortex and other minor adjustments)
rather than a published version (Donahue et al., 2016). For each conservative and liberal
parcellation-based PFC delineation, constituent areas were adjoined to create contiguous PFC
surface-based ROIs. In humans, these ROIs were created on each subject’s 32-k mesh using each
subject’s individual HCP_MMP1.0 parcellation and then were mapped to each subject’s native
space using an existing mapping between the two mesh resolutions. In macaques, these ROIs
were created on a 164-k mesh using the composite parcellation defined on the Yerkes19 groupaverage surface and subsequently were registered to each subject’s native surface mesh.
Similarly, the chimpanzee ROIs were created on the Yerkes29 164-k surface mesh and were
mapped to native subject meshes. Genu-based ROIs were created by including all surface
vertices rostral to a coronal slice of the AC–PC aligned volume at the genu of the corpus
callosum, an approximation of PFC used in previous studies (Gabi et al. 2016; Schoenemann,
Sheehan, and Glotzer 2005). Volume measurements were determined by summing the volumes
of individual polyhedral wedges within each ROI, where each wedge is defined by a triangle in
the white surface and the corresponding triangle in the pial surface. This process was performed
on each individual subject (human, n = 60; macaque, n = 19; chimpanzee, n = 29), and the mean
and SD of all subjects were reported for each case (Table 3.1). This process is illustrated for an
exemplar human in Fig. 3.1.
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Figure 3.1: Mapping of surface-based ROI to cortical gray matter ribbon volume. A. Illustration of human
cortical surface ROI mapped to underlying gray matter ribbon volume. B. Illustration of human genu-based ROI
volume anterior to a coronal slice at the genu of the corpus callosum when the image is AC–PC aligned.

3.3 Results
3.3.1 Cytoarchitectural Designations Allow Surface-Based PFC Delineations
across Species
Based on cytoarchitectonics, we delineated a conservative PFC boundary (Fig. 3.2, regions filled
in red) that includes granular and dysgranular frontal lobe cortex anterior to motor and premotor
cortex, as has been proposed for both humans (Öngür, Ferry, and Price 2003; Petrides and
Pandya 1999) and macaques (Walker, 1940). However, agranular regions of medial frontal and
orbitofrontal cortex have been implicated in higher cognitive function, and we consider it
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appropriate to include these areas of frontal lobe cortex that are functionally neither motor nor
premotor in a liberal PFC delineation (Fig. 3.2, additional regions filled in blue).

Figure 3.2: Parcellations of prefrontal cortex for human, macaque, and chimpanzee displayed on inflated
(unfolded) left hemisphere surfaces cropped to include only anterior regions for lateral (Left) and medial
(Right) views of each species. A. Inflated human cortical surface displaying group-average HCP_MMP1.0
parcellation (Glasser et al., 2016a). Conservative PFC includes red areas. Liberal PFC additionally includes blue
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areas. B. Inflated chimpanzee cortical surface displaying a conservative PFC delineation based on the Bailey et al.
(Bailey et al., 1950) cytoarchitectonic parcellation and maps/gradients of cortical myelin content. C. Inflated
macaque cortical surface displaying a composite parcellation adapted from three studies (Ferry et al., 2000; Lewis
and Van Essen, 2000; Paxinos et al., 2000) along with conservative and liberal PFC delineations. Figures are not to
scale. Data are available at https://balsa.wustl.edu/GrK7 (human), https://balsa.wustl.edu/px4G (chimpanzee), and
https://balsa.wustl.edu/k94P (macaque).

For human cortex, we used individual-subject parcellations from 60 unrelated subjects taken
from the 210V group [the validation group of the Human Connectome Project (HCP)
Multimodal Parcellation (HCP_MMP1.0), which used an areal classifier that matched individualsubject feature vectors to an initial group-average multimodal parcellation (Glasser et al.,
2016a)]. For the macaque, a pan-hemispheric composite of published parcellations (Ferry et al.,
2000; Lewis and Van Essen, 2000; Paxinos et al., 2000) was mapped onto a species-average
macaque atlas (Donahue et al., 2016) (Yerkes19) and then to the constituent 19 individuals for
morphometric analyses. This composite includes several modified areas, marked as “prime,” that
reflect a combination of previously described areas. For example, area 10′ found in dorsolateral
PFC is an amalgamation of area 10 as reported by Ferry et al. (2000) and Paxinos et al. (2000).
Some of these areas then underwent further subdivision: areas 24a, 24b, and 24c were subdivided
into anterior and posterior segments (e.g., 24aa and 24ap, respectively) based on descriptions of
area 24 as dysgranular anteriorly with associated cognitive-related function transitioning to an
agranular cytoarchitecture posteriorly associated with motor function (Petrides and Pandya 2002;
Passingham and Wise 2012; Wise 2008). The Bailey et al. chimpanzee architectonic parcellation
(Bailey et al., 1950) includes areal designations on a series of histological section contours. We
mapped areal designations from section contours to corresponding MRI sections in an individual
chimpanzee brain and from there to our surface-based chimpanzee atlas (see this study
publication’s Supporting Information (Donahue et al., 2018)). We then drew estimated areal
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boundaries on the atlas surface, aided in dorsolateral cortex by myelin maps, cortical thickness
maps, and their gradients.
For each species, an area was considered part of conservative PFC based on cytoarchitecture and
inclusion in published PFC delineations. Areas specific to the human liberal PFC delineation
include inferior frontal junction areas (IFJa/p), i/s6-8, and 55b of the lateral frontal cortex, a/p24,
25, a32pr, d/p/s32, and the superior frontal language area (SFL) of the medial frontal cortex, and
posterior orbitofrontal cortex (pOFC). For the macaque, exclusively liberal PFC areas include
medial frontal areas 24aa, 24ba, 24ca, 25, and 32′ and orbitofrontal areas 13a and 14c. The
frontal eye fields are sometimes considered part of the PFC (Passingham and Wise 2012;
Murray, Wise, and Graham 2016) but were excluded here because of their stronger association
with premotor regions than with cognitive regions in terms of moderate rather than sparse myelin
content and their functional connectivity (Glasser et al., 2016a). Frontal eye fields correspond to
the frontal eye field (FEF) and premotor eye field (PEF) areas in humans; area 45b in the
macaque is moderately myelinated and overlaps with anatomically and functionally defined FEF
(Schall et al., 1995). Given the paucity of functional data for the chimpanzee, we focused only on
a conservative PFC delineation based on the presence of granular/dysgranular cytoarchitecture
and on myelin patterns. We identified Bailey et al. agranular areas as motor (FA), premotor (FB
and FBA), and cingulate (LA and FL). More anterior regions were designated as PFC, except for
FDΓ, which is moderately myelinated and likely corresponds to FEF. Medially, our chimpanzee
PFC delineation includes areas FDL, FH, and FG but excludes LA and FL. (See this study
publication’s Supporting Information for additional details and discussion of putative
homologues (Donahue et al., 2018). Its Figure S1 illustrates the chimpanzee parcellation. Its
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Tables S2 and S3 provide information and references for areal cytoarchitecture and cognitiverelated designations for human and macaque PFC areas.)

3.3.2 Structural Cortical Features Aid in Delineating the PFC
Maps of estimated myelin content based on the T1-weighted/T2-weighted (T1w/T2w) intensity
ratio (Glasser and Van Essen, 2011; Glasser et al., 2014) provide a useful architectural marker
for identifying cortical regions and areas across species. Spatial gradients of these myelin maps
can provide objective evidence of sharply defined architectonic transitions (e.g., from dense to
moderate or light myelination; see Glasser and Van Essen 2011). Fig. 3.3 illustrates myelin maps
and their spatial gradients for each species in relation to our three PFC delineations. These reveal
important patterns and correlations across measures, but the relationship to PFC boundaries is
complex and differs for dorsolateral, ventrolateral, and medial regions.
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Figure 3.3: Structural features of lateral (Top and Second Rows) and medial (Third and Bottom Rows) inflated
left hemisphere cortex related to delineations of the PFC. Each primate species cortical surface displays myelin
content (Top and Third Rows) and its corresponding spatial gradient (Second and Bottom Rows). The white line
overlying each map represents the group-average location of the coronal slice at the corpus callosum genu (see also
Fig. 3.4); pink and blue lines represent group-average conservative and liberal PFC delineations, respectively.
Primary motor area 4 and primary visual area V1 are bounded by black contours in the parietal and occipital
cortex, respectively. Black bars indicate the relative scale of the group-average inflated surfaces for each species.
Data are available at https://balsa.wustl.edu/22XL.

In dorsolateral cortex, the heavily myelinated primary motor cortex (area 4; Fig. 3.3, Top Row,
outlined in black) and the moderately myelinated premotor strip (directly anterior to area 4;
mainly green in human; green and yellow in chimpanzee, mainly orange-yellow in macaque)
provide useful landmarks across species. In the macaque, the thickness map and its gradient were
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also useful, particularly for posterior area 4 (see this study publication’s Supporting Information
(Donahue et al., 2018)). In all three species, a myelin gradient ridge (Fig. 3.3, Second Row) runs
along part of the anterior border of area 4. Anterior to this premotor/primary motor gradient ridge
is another gradient ridge. In the human, this anterior gradient ridge aligns well with the liberal
PFC border. In the macaque, both conservative and liberal PFC borders run in the general
vicinity of the anterior myelin gradient ridges, but the correlation is not good for either. The
border of chimpanzee conservative PFC follows the ridge closely in this region.
In ventrolateral and ventral regions, lightly myelinated PFC in all three species is adjoined by
even more lightly myelinated cortex in the anterior insula (Fig. 3.3, Top Row, indigo and black)
and orbitofrontal cortex (Fig. 3.3, Third Row). However, the most prominent myelin gradient
does not coincide with published architectonic PFC delineations [also, in the macaque and
chimpanzee datasets, orbitofrontal cortex was not as accurately segmented owing to localized
signal dropout and distortion of T1w relative to T2w images]. In medial cortex, the PFC is
lightly myelinated dorsally and very lightly myelinated ventrally in all three species, but none of
them shows a clear myelin gradient running along the PFC boundary. Thus, there are strong
cross-species similarities in myelin maps in and near the PFC, but only in the dorsolateral PFC of
human and chimpanzee do we consider myelin gradients strongly informative about PFC
borders. Cortical thickness maps and their gradients were of limited utility for delineating PFC
borders (see this study publication’s Supplemental Information Fig. S4 (Donahue et al., 2018)).

3.3.3 Genu-Based Morphological Surrogate Underestimates PFC Extent
Fig. 3.4 illustrates the range of individual variation in the location of liberal, conservative, and
genu-based PFC borders as defined for each species. Probability maps indicate most (yellow)
and least (black) common locations of each border.
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Figure 3.4: PFC border probability maps displayed on inflated left hemisphere atlas surfaces of the frontal lobe
(Left, lateral aspect; Right, medial aspect of each pair) overlaid on group-average sulcal depth maps. Human
liberal and conservative PFC borders were created using individual subject parcellations, resulting in pronounced
intersubject variance on the group-average surface. Corresponding borders in the macaque and chimpanzee were
created using a group-average parcellation registered to each individual subject and thus show no such variance.
Black bars indicate the relative scale for the group-average inflated surfaces. Data are available at
https://balsa.wustl.edu/r7Xw (human), https://balsa.wustl.edu/xMp4 (chimpanzee), and
https://balsa.wustl.edu/PMKk (macaque).

Important species differences are revealed by comparing parcellation-based PFC delineations
(both liberal and conservative) with genu-based PFC approximations (Fig. 3.4, Bottom Row). In
dorsolateral frontal cortex, the macaque and chimpanzee genu-based PFC border runs somewhat
anterior to the moderately myelinated region adjacent to premotor cortex, mostly anterior to the
conservative delineation. By visual inspection, the genu-based delineation in the human more
substantially underestimates PFC spatial extent compared with both liberal and conservative
delineations. This observation is evaluated quantitatively in the next section.
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3.3.4 Human PFC Is Absolutely and Relatively Large Compared with
Nonhuman Primates
Table 3.1 reports the mean volume for total cortical gray matter, primary visual area V1, and
primary motor area 4 and mean volumes relating to PFC delineations, along with SDs. These
volumes were calculated for both hemispheres of each individual subject and then were
averaged. Also provided (in parentheses) is the percentage of each PFC region of interest (ROI)
and cortical area volume relative to total volume of the neocortex (see this study publication’s
Supporting Information for individual variance in percentage values and Dataset S1 for
additional measures (Donahue et al., 2018)).
Table 3.1: Cortical Gray Matter Volumes across Species.
Gray matter, cm3
Species

Total
Volume

Genu-based
PFC (%)

Conservative
PFC (%)

Liberal PFC
(%)

Area V1 (%)

Area 4 (%)

Human
(n = 60)

512 ± 55

77.2 ± 11
(15)

105 ± 13 (21)

131 ± 16 (26)

14.0 ± 2.0
(2.72)

11.2 ± 1.6
(2.18)

Chimpanzee
(n = 29)

134 ± 13

18.5 ± 2.6
(14)

23.2 ± 2.4
(17)

7.5 ± 0.8
(5.63)

8.1 ± 1.2
(6.04)

Macaque
(n = 19)

34.4 ± 2.9

3.34 ± 0.5
(10)

4.4 ± 0.5 (13)

3.3 ± 0.4
(10.7)

1.4 ± 0.2
(4.46)

4.8 ± 0.6 (14)

Mean volumes of human, chimpanzee, and macaque cortical gray matter for entire cortex; genu-based,
conservative, and liberal delineations of prefrontal cortex; primary visual area V1, and primary motor area 4, as
well as SDs. Percentages in parentheses are percentages of total cortical gray matter volume. See the study
pulication’s Supplemental Information Dataset S1 for additional measures (Donahue et al., 2018).

After averaging the left and right hemispheres, computed mean gray matter volumes were 512 ±
55 cm3, 134 ± 13 cm3, and 34.4 ± 2.9 cm3 for human, chimpanzee, and macaque, respectively,
indicating that the volume of human cortical gray matter is 15-fold greater than that in the
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macaque and roughly fourfold greater than that in the chimpanzee. Mean surface areas were
1,843 ± 196 cm2 for humans, 599 ± 53 cm2 for chimpanzees, and 193 ± 13 cm2 for macaques;
mean cortical thicknesses were 2.7 ± 0.1 mm, 2.6 ± 0.1 mm, and 2.0 ± 0.1 mm, respectively (SDs
are of means across subjects).
As shown by our two parcellation-based delineations, the proportion of PFC gray matter volume
is up to 1.9-fold greater in humans compared with macaques (26% vs. 14% for the liberal
delineation; 21% vs. 13% for the conservative delineation) and 1.2-fold greater compared with
chimpanzees (21% vs. 17% for the conservative delineation). The genu-based PFC
approximation shows a more moderate species difference, constituting 15% of human cortical
gray matter volume compared with 14% in the chimpanzee and 10% in the macaque. Cortical
volume computed using the genu-based proxy for PFC underestimates the parcellation-based
delineations in all three species but most prominently in humans.

3.3.5 Scaling Relative to Primary Visual and Motor Areas
To quantify how the PFC has scaled relative to more evolutionarily conserved cortical areas, we
analyzed primary visual cortex (area V1) and primary motor cortex (area 4) in terms of their
cortical gray matter volume, surface area, and cortical thickness in humans, chimpanzees, and
macaques (see Fig. 3.3 for delineations, this study publication’s Supplemental Information for
additional methodological details, as well as its Dataset S1 for detailed measures (Donahue et al.,
2018)).
In humans, chimpanzees, and macaques, respectively, the mean V1 volume was 14.0 ± 2 cm3,
7.5 ± 0.8 cm3, and 3.3 ± 0.4 cm3; the surface area was 69.7 ± 9.4 cm2, 47.2 ± 4.7 cm2, and 21.6 ±
1.8 cm2; and the cortical thickness was 2.0 ± 0.1 mm, 2.0 ± 0.2 mm, and 1.8 ± 0.1 mm. The PFC
volume is similar to that of V1 in the macaque but is severalfold larger than V1 in the
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chimpanzee and is up to ninefold larger than V1 in humans. Surface area followed a similar
trend: PFC surface area is similar to that of V1 in the macaque but is up to 1.8-fold greater than
V1 in chimpanzees and is sixfold greater in humans.
For primary motor area 4 in humans, chimpanzees, and macaques, respectively, the mean
volume was 11.2 ± 1.6 cm3, 8.1 ± 1.2 cm3, and 1.4 ± 0.2 cm3; the surface area was 39.4 ± 5.4
cm2, 25.6 ± 3.1 cm2, and 5.3 ± 0.5 cm2; and the cortical thickness was 2.8 ± 0.1 mm, 2.6 ± 0.2
mm, and 2.9 ± 0.1 mm. Comparisons with PFC gray matter volumes in humans and chimpanzees
shows a trend similar to that for area V1, as the PFC is roughly 12-fold larger than area 4 in
humans and is threefold greater than area 4 in chimpanzees. However, macaque area 4 is only
42% of the V1 volume, and its PFC volume is threefold greater than that of area 4.

3.3.6 White Matter Volumes
Table 3.2 reports the total volume of subcortical white matter for each species along with
volumes of white matter anterior to the genu-based PFC proxy, which is the only parcellation
having a well-defined posterior extent of PFC white matter and hence amenable to analysis of
white matter volumes. Total white matter volumes for humans, chimpanzees, and macaques were
on average 443 ± 62 cm3, 119 ± 12 cm3, and 21.8 ± 2.5 cm3, respectively (see this study
publication’s Supplemental Information Dataset S1 for additional measures (Donahue et al.,
2018)).
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Table 3.2: Subcortical White Matter Volumes across Species
White matter, cm3
Species
Total Volume

Genu-based PFC (%)

Human
(n = 60)

443 ± 62

52.3 ± 10.2 (12)

Chimpanzee
(n = 29)

119 ± 12

8.5 ± 1.9 (7)

Macaque
(n = 19)

21.8 ± 2.5

1.1 ± 0.2 (5)

Volumes of human, chimpanzee, and macaque subcortical white matter for entire cortex and genu-based
delineations of PFC. PFC percentages in parentheses are relative to total volume. See this study publication’s
Supplemental Information Dataset S1 for additional measures (Donahue et al., 2018).

The ratio of total white matter to gray matter volume is similar in the human and chimpanzee
(0.87 and 0.89, respectively), considerably greater than that for the macaque (0.63), indicating a
35–40% relative increase in the total white matter-to-gray matter ratio in humans and
chimpanzees relative to the macaque. Genu-based PFC white matter-to-gray matter ratios are
0.68 in human, 0.46 in chimpanzee, and 0.33 in macaque. Analyzed differently, PFC white
matter is a larger fraction of total white matter in humans (12%) than in chimpanzees (7%) or
macaques (5%). This 2.4-fold relative difference in PFC white matter between humans and
macaques (12% vs. 5%) markedly exceeds the 1.5-fold difference in the genu-based gray matter
volumes.

3.3.7 PFC Exhibits Allometric Scaling for Humans and Nonhuman Primates
Fig. 3.5 illustrates several logarithmically scaled comparisons that represent the size of the PFC
across species relative to reference measures. To assess the differential scaling of different
cortical regions, we plotted the volumes of PFC gray matter, non-PFC gray matter, area V1, and
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area 4 against the volume of total cortical gray matter (Fig. 3.5A). We additionally compared
PFC gray matter with the more evolutionarily conserved area V1 (Fig. 3.5B) and compared PFC
white matter with total white matter (Fig. 3.5C).

Figure 3.5: Log-scale plots comparing PFC gray and white matter volume with reference values across species
(macaques, diamonds; chimpanzees, squares; humans, circles). (A) Volumes of conservative PFC (red), non-PFC
(black), and area V1 (green) gray matter plotted against total cortical gray matter volume. Volumes of area 4 are
plotted with solid magenta markers without a corresponding linear fit. (B) PFC gray matter volume plotted against
the volume of the primary visual cortex. Blue, red, and black markers indicate liberal, conservative, and genu-based
PFC delineations, respectively. (C) Genu-based PFC white matter volume plotted against total white matter volume.
For all panels, solid lines represent the best fit using mean macaque, chimpanzee, and human data points; dotted
lines represent 95% CIs.

When using total cortical gray matter as a reference (Fig. 3.5A), the scaling of conservative PFC
gray matter as defined by the regression line through the mean macaque, chimpanzee, and human
data points exhibits positive allometry (slope of 1.18; 95% CI 1.16–1.18). Additionally, this
regression of PFC across total cortex appears steeper than that of other comparators: non-PFC
cortex (slope of 0.97; 95% CI 0.96–0.97) and visual area V1 (slope of 0.53; 95% CI 0.49–0.54).
Analysis of covariance (ANCOVA) across the three regression slopes indicated they are
significantly different from one another (see this study publication’s Supporting Information
(Donahue et al., 2018)). Interestingly, data for area 4 across the three species deviate markedly
from an allometric fit (linear on a log–log plot). Area 4 volume is similar to that of V1 in humans
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and chimpanzees but is much smaller than that in the macaque (Discussion). When, instead, the
evolutionarily conserved visual area V1 is used as a reference (Fig. 3.5B), the PFC scales with
even greater positive allometry (slope of 2.21; 95% CI 2.05–2.24). Finally, PFC white matter
scaled with total white matter volume with positive allometry (slope of 1.27; 95% CI 1.26–1.31).

3.4 Discussion
Using a cortical surface-based approach, we have presented a comparative delineation and
analysis of frontal association cortex in humans, chimpanzees, and macaques. In addressing a
longstanding controversy, we report strong evidence for a greater proportion of human PFC gray
matter volume compared with two nonhuman primates and an even greater species difference for
PFC white matter volume.

3.4.1 Prefrontal Cortex Can Be Delineated Using Cytoarchitectonic and
Function Criteria
Our criteria for areal inclusion in the PFC entailed judgment calls based on the preponderance of
available evidence. Our conservative criteria relating to granular/dysgranular cytoarchitecture,
although guided by evidence in the literature, is not a simple consensus view. Our liberal
delineations in the human and macaque (areas reported to have agranular cytoarchitecture)
entailed subjective assessments regarding what cognitive task contrast activation or other
functional information relative to neighbors warrants inclusion. A notable exception to these
criteria across species is the exclusion of frontal eye fields: area FEF in humans, 45b in
macaques, and FDΓ in chimpanzees. While these areas are cytoarchitecturally
granular/dysgranular and receive thalamic inputs primarily from the mediodorsal (MD) nucleus,
their functional relationship to eye movement led to our placing them in the premotor category as
opposed to cognitive-related PFC [see this study publication’s Supporting Information (Donahue
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et al., 2018) and Supplementary neuroanatomical results in Glasser et al. (2016)]. Additionally,
some areas in the macaque composite parcellation (e.g., anterior and posterior subdivisions of
areas 24a, 24b, and 24c) might reasonably be reassigned to account for a gradient in
cytoarchitecture, primarily in areas that extend posteriorly into densely myelinated cortex.
However, plausible alternative choices for PFC extent in any of the species would not negate our
main conclusion that the relative size of the PFC in the human lineage is larger than that in
nonhuman primates. For example, inclusion of frontal eye field areas FEF and 45b in humans
and macaques (0.52% of cortical gray matter volume in humans and 0.47% in the macaque; see
this study publication’s Supplemental Information Dataset S1 (Donahue et al., 2018)) would not
materially affect our conclusions. For chimpanzees, the lack of functional imaging data limited
our analysis to conservative and genu-based PFC delineations, which were guided by the Bailey
et al. (Bailey et al., 1950) cytoarchitectural atlas in terms of cytoarchitecture and plausibility of
putative cortical homologs. These putative homologies were based on descriptions of
cytoarchitecture and are by no means conclusive; however, they allowed a first-order comparison
with humans and macaques. Explicit regional boundaries, however, were drawn based on visual
inspection and comparison of maps of cortical myelin content, cortical thickness, and their
associated spatial gradients (indicative of areal transitions) across species. Nevertheless, our
candidate chimpanzee PFC boundary between premotor and prefrontal cortex warrants further
analysis using modern architectonic and/or imaging methods.
Besides the architectonic, functional, and morphological criteria invoked in our study, other
types of information have been proposed for delineating the PFC in various mammalian species.
These include the distribution of dopaminergic projections and a prominent level of projections
from the MD nucleus of the thalamus (Rose and Woolsey, 1947; Akert, 1964; Uylings et al.,
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2003). Neither of these metrics, however, has been shown to be adequately specific to provide
strong diagnostic criteria for delineating the PFC (Preuss 1995; Passingham and Wise 2012):
Dopaminergic projections are prominent throughout the primate brain and are not demonstrably
overrepresented in granular frontal cortex (Gaspar, Stepniewska, and Kaas 1992; Williams and
Goldman-Rakic 1998) compared with more posterior neocortex. Similarly, MD thalamic
projections, while particularly prevalent in granular frontal cortex and thus a meaningful guide,
are also present across the precentral motor region as well as more posterior regions (Matelli and
Luppino, 1996).

3.4.2 Human PFC Volume Is Disproportionately Large
We used a surface-based approach (Van Essen and Dierker, 2007; Van Essen et al., 2012b,
2012a) derived from structural MRI to generate our analysis of cortical volumes. Our sample
size includes 60 humans, 29 chimpanzees, and 19 macaques, thereby enabling estimates of
variability in each population. We found the proportion of PFC cortical gray matter volume in
humans to be up to 1.9-fold greater than in macaques and up to 1.2-fold greater than in
chimpanzees. The differences in the proportion of PFC subcortical white matter volume are even
more pronounced, with humans exhibiting a 2.4-fold greater proportion than in macaques and a
1.7-fold greater proportion than in chimpanzees. Thus, consistent with several previous studies
(Van Essen, Glasser, Dierker, and Harwell 2012; Orban, Van Essen, and Vanduffel 2004;
Glasser et al. 2014; Passingham and Smaers 2014; Smaers et al. 2017; Schoenemann, Sheehan,
and Glotzer 2005; Smaers et al. 2011), our results strongly support the hypothesis that the
proportion of cortical gray and white matter volumes attributed to frontal association cortex is
larger in humans than in nonhuman primates. Furthermore, the absolute size of the
conservatively delineated human PFC is 4.5-fold larger than in the chimpanzee, which is
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especially striking considering the more modest difference in the size of the primary visual
cortex (1.9-fold larger in humans). Coupled with the evidence that humans have substantially
more PFC white matter volume (Smaers et al. 2017; Smaers et al. 2011), this points to an
impressively greater amount of neural machinery associated with the PFC in humans compared
with nonhuman primates.
Scaling relative to total cortical volume, however, is impacted by the similarity in scaling
between the PFC and other cortical association areas. Therefore, scaling of PFC volume based on
that of primary sensory and motor areas can shed light on allometric differentiation of different
cortical regions (Passingham and Smaers 2014; Smaers et al. 2017). Our results indicate a
hypometric scaling of V1 with respect to cortical volume relative to the hypermetric scaling of
PFC (Fig. 3.5A) and a prominently hypermetric scaling of PFC with respect to V1 (Fig. 3.5B).
The hypometric scaling of V1 is likely related to the high visual acuity and importance of vision
in all three species, resulting in only modest species differences in the size of V1. For area 4, the
lack of an allometric scaling relationship prevented an analogous comparison of slopes.
However, it is visually apparent that chimpanzee and human area 4 scale similarly to area V1.
The relatively small size of macaque motor cortex is potentially related to its small body size and
muscle mass.
Although other studies have argued for a more general scaling up of the human brain compared
with nonhuman primates (Semendeferi et al., 2002; Gabi et al., 2016), we do not view the idea of
a predictive positive allometric scaling as mutually exclusive with a preferential expansion of
PFC or association cortex in general. For example, Semendeferi et al. (2002) reported that the
proportion of the cortical mantle occupied by cortex anterior to the precentral gyrus does not
differ significantly between humans and great apes. However, Passingham and Smaers (2014),
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analyzing the size of various cortical regions relative to primary sensory and motor areas, found
that the human PFC deviates from the allometric relationship between the PFC and area V1
determined from nonhuman primate species and thus showed disproportionate enlargement
(Passingham and Smaers (2014), figure 1 and table 1). Our analyses corroborate those from
Passingham and Smaers by revealing a larger ratio of PFC gray matter volume to primary visual
cortex in humans compared with nonhuman primates (Fig. 3.5B). However, the slopes reported
for the regressions in our study are limited by the inclusion of only three species. Therefore, we
emphasize how the regression slopes differ when comparing different regions of cortex: When
using total cortical gray matter as a reference, conservative PFC exhibits positive allometry
compared with non-PFC and particularly with area V1. Furthermore, the non-PFC delineation
still contains highly expanded regions of association cortex in the parietal and temporal lobes,
thus biasing its scaling toward isometry and making the findings related to non-PFC cortical
volume reported here likely to be conservative.
Defining PFC as anterior to the genu of corpus callosum, Gabi et al. (2016) used an isotropic
fractionator approach (Herculano-Houzel, 2005) to count neurons and nonneuronal cells as well
as gray matter and white matter volumes as measured in 2-mm coronal tissue slabs through one
hemisphere in a single brain from each of eight primate species. For humans vs. the average of
two macaque species, they reported 10% vs. 7.6% of cortical gray matter, 5.5% vs. 4.5% of
white matter, and 8% vs. 7.35% of total cortical neurons belonging to genu-based PFC (Gabi et
al. (2016), table S1). Thus, for these two species, their results suggest a slightly positive
allometric relationship for PFC cortical gray matter and a nearly isometric relationship for
neuronal numbers. In the present study, we found a greater species disparity for both genu-based
(15% vs. 10%) and parcellation-based (21% vs. 13%) delineations. Our finding that the genu71

based approximation underestimates PFC volume (to somewhat different degrees in humans,
chimpanzees, and macaques) (Fig. 3.5) is consistent with the prediction of Schoenemann et al.
(2005), as noted by others (Passingham and Smaers 2014; Smaers et al. 2017; Sherwood et al.
2005).
Along with their allometric analyses, Gabi et al. reported that human neuronal density increases
anteriorly to posteriorly, with lowest density at the frontal pole, whereas macaques exhibit a
double gradient of high neuronal densities near both the frontal and occipital poles. A
complementary perspective comes from cellular neuroanatomical analyses by Elston et al.
(Elston et al. 2011; Elston et al. 2005; Elston and Rockland 2002; Elston 2000), revealing that
pyramidal neurons in nonhuman primate granular PFC (and in other regions of association cortex
such as lateral temporal cortex) exhibit more complex dendritic structure (size of basal dendritic
arbors, branching structure, and spine density) compared with the less elaborate dendritic
structure found in evolutionarily conserved regions such as sensorimotor and early visual cortex
(Elston and Rockland 2002). In this context, neuron number or density is not a simple surrogate
for the information-processing complexity handled by any given brain region. Thus, the
differential increase in PFC volume documented in the present study likely in part reflects
increased synaptic machinery and not simply an increased number of PFC neurons in the human
lineage.

3.4.3 White Matter Underlying Human PFC Is Particularly Large Compared
with Nonhuman Primates
We found that human PFC white matter volume (as a percentage of total white matter) is 2.4fold greater than in the macaque and 1.7-fold greater than in the chimpanzee (Fig. 3.5C and
Table 3.2), corroborating earlier reports (Smaers et al. 2017; Smaers et al. 2011). It is intriguing
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to speculate on the neuroanatomical basis of these striking species differences. Given the
aforementioned evidence (Gabi et al., 2016) that PFC neuronal density is relatively low in
humans vs. nonhuman primates, the density of output axons from human PFC projection neurons
(i.e., pyramidal cells) is presumably lower as well. A disproportionately large white matter
volume underlying human PFC might instead reflect (i) an increased density of afferent
projections from distant (non-PFC) regions contributing to an increased axonal density within
human PFC gray matter; (ii) a disproportionately high percentage of human PFC output axons
that traverse the underlying white matter but nonetheless terminate within other PFC targets; (iii)
a disproportionately large average axonal diameter in human PFC white matter; and/or (iv) a
disproportionately high degree of axonal branching within human PFC white matter.
Disentangling these and other possibilities is unlikely to be easy but might become feasible with
further advances in neuroanatomical methods.

3.4.4 Improving the Granularity of Interspecies Comparisons
Our analysis has focused on measurements of the PFC in its entirety, even though it is very
heterogeneous in its internal organization, connectivity, and function. Previous comparisons
between macaque and human that used interspecies surface-based registration (Orban et al.,
2004; Van Essen and Dierker, 2007) provided evidence that relative expansion in the human
lineage is highly nonuniform within the PFC as well as in other higher-cognitive regions (e.g.,
lateral parietal and temporal cortex) relative to early sensory and motor regions. However, such
“evolutionary expansion” maps should be interpreted with caution, given that (i) some of the
candidate homologs are plausible but not firmly established and (ii) the surface-based
registration algorithm used to constrain the interspecies mapping tolerated local nonuniformities
that are not well-grounded neurobiologically. Recent algorithmic improvements in surface-based
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registration such as the Multimodal Surface Matching (MSM) method (Robinson et al., 2014,
2017) should help address the latter problem when adapted to interspecies registration
constraints. The former problem (identifying candidate homologs) should benefit from recent
advances in parcellating human cortex (Glasser et al., 2016a) and in characterizing its network
organization (especially resting-state networks), combined with recent and prospective advances
in parcellating macaque cortex and characterizing its network organization.
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Chapter 4: Improving Understanding of
Human Cortical Organization using
Interspecies Registration
4.1 Introduction
For over a century, investigators have compared human and nonhuman primate cerebral cortex in
order to better understand the neural basis of functions spanning primary sensory modalities (e.g.
vision and somatosensation) to more complex functions related to higher cognition (e.g.
attention, working memory, and language). To date, the macaque is the most intensively studied
nonhuman primate and has proven an invaluable model for elucidating the structural and
functional organization of the cerebral cortex across primates. Comparisons between species are
far from trivial, however, as the human brain contains a 15-fold greater number of neurons
compared to the macaque, its cortical surface area is roughly 10-fold greater, and its cortical
convolutions are much more complex (Orban et al., 2004; Van Essen and Dierker, 2007;
Herculano-Houzel et al., 2015).
Elucidating the neuroanatomical evolutionary divergence between humans and nonhuman
primates requires the identification of strong candidate evolutionary cortical homologues: areas
or regions derived from a common ancestor. Such homologues are extremely difficult to prove
definitively, as it would require ancestral fossils with well-preserved brains. Instead, homologies
can be inferred with varying degrees of confidence depending on the number and distinctiveness
of common cortical features and the number of related species that share them (Krubitzer and
Huffman, 2000; Krubitzer and Kahn, 2003; Orban et al., 2004; Kaas, 2005). Commonalities in
topographic organization, architecture, and function of human and nonhuman primate primary
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sensory, motor and visual areas makes their homology all but certain (Van Essen et al., 2001b;
Orban et al., 2003). However, homologues of higher sensory and motor areas are less clear, and
least certain are candidate homologues within regions of association cortex implicated in higher
cognitive function in prefrontal, temporal and lateral parietal cortex. Identification of highconfidence homologues across primates is further complicated by the highly non-uniform
expansion over the cortical surface: for example, surface area corresponding to human primary
visual area V1 exhibits 2-fold greater surface area compared to the macaque, whereas some
association regions of prefrontal, temporal and parietal cortex may exhibit up to a roughly 30fold expansion (Van Essen and Dierker, 2007; Donahue et al., 2018). Though these highly
expanded association regions share similar patterns of light cortical myelination across species
(Glasser et al., 2014; Donahue et al., 2018), it is uncertain to what degree these regions are
directly comparable across species, as there likely exist cortical areas in humans that are not
present in the macaque (and perhaps vice versa). Hypothesized mechanisms for areas present in
one species but not another include: (1) duplication of an existing area followed by functional
divergence (Allman and Kaas, 1974), (2) segregation of what were previously functional
modules in a single area, (3) reorganization due to altered patterns of activity (Orban et al., 2004)
and/or (4) emergence of de novo neuronal populations (Krubitzer and Kahn, 2003).
Cortical connectivity provides an additional avenue by which to explore interspecies
commonalities and differences. Invasive anatomical tract tracing in the macaque has produced
the closest approximation available to a connectivity ‘ground truth’ in the monkey. Markov et
al., (2014) used retrograde tracers injected into 29 cortical areas and quantified weights of
connectivity to each area of a 91 area parcellation (i.e. a 29 x 91 weighted connectivity matrix),
constituting the most comprehensive map of tracer-based connectivity currently available for
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nonhuman primates. These data exhibit connection weights ranging over five orders of
magnitude as quantified by fraction of extrinsically labeled neurons (FLNe) in each area relative
to the total number of labeled neurons extrinsic to the injected area (Markov et al., 2011, 2014)
and ultimately identified 1,615 pathways, with each cortical area averaging 55 inputs from other
areas. Since measurement of in vivo cortical connectivity is limited to noninvasive imaging
techniques in the human, tractography based on diffusion MRI has become a standard for
inferring ‘structural connectivity’ based on preferential diffusion of water along the length of
axons within white matter. However, substantial noise and/or bias are introduced by the indirect
nature of diffusion tractography’s estimates of connectivity and several methodological
confounds (Jbabdi and Johansen-Berg, 2011; Jones et al., 2013; Van Essen et al., 2014).
Directly comparing the Markov et al. (2014) tracer-derived macaque connectivity profile to
connectivity derived from diffusion tractography collected from postmortem macaque brains
revealed the presence of tractography false positive and false negative connections at a higher
incidence as connection length increased. False positives began to appear for connections of 25
mm in length (estimated path length within white matter) and false negatives for connections of
75 mm (Donahue et al., 2016). These results suggest that current methods for diffusion
tractography are not well-suited for creating whole-brain connectomes in the macaque. By
extension, false positives and false negatives would likely be even more prevalent in human data,
considering the greater length and number of cortico-cortical connections in the human brain.
However, there exists no suitable ‘ground truth’ for connectivity in the human brain with which
to perform a comprehensive evaluation/validation of inferred connectivity measures like
diffusion tractography and functional connectivity; therefore, it is vital to leverage highly
informative invasive data sets in the macaque to their fullest potential in order to inform
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understanding of human cortical organization and connectivity. An important aspect of attaining
this goal is to directly and accurately register, or map, data from the macaque cortical surface to
human cortex.
When comparing data across subjects and/or studies, particularly when the subjects belong to
different species (and their brains differ dramatically in terms of size and cortical folding), the
merits of surface-based vs. volume-based registration warrant consideration. An intrinsic
advantage of surface-based registration is its preservation and respect of the topology of the
cortical sheet. Empirically, many studies have examined the performance of both registration
paradigms in aligning multiple individual subjects from the same species and found surfacebased techniques to result in better interindividual alignment than their volume-based
counterparts (Fischl et al., 1999; Argall et al., 2006; Van Essen and Dierker, 2007; Glasser et al.,
2016a; Coalson et al., 2018). Accurately determining interspecies correspondence is difficult
over much of the cortical surface, particularly in regions like prefrontal cortex (PFC) where
homology is uncertain. Though previous studies, using classical cytoarchitecture and brain
drawings, have proposed homologous areas within frontal and orbitofrontal cortex (Carmichael
and Price, 1994; Preuss, 1995; Petrides and Pandya, 1999, 2002; Öngür et al., 2003), these
putatively homologous regions across primates cover only a modest portion of the cortical
surface. As a result, discussions of interspecies comparisons are forced to focus on large swaths
of the cortical surface (e.g. dorsolateral prefrontal cortex) rather than individual cortical areas.
Ideally, an interspecies cortical registration would explicitly represent vertex-to-vertex
correspondence across a cortical surface mesh at a level suitable to identify and evaluate
candidate homologous cortical areas across all cortical regions, thus enabling more incisive
interspecies comparisons and analyses.
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The ‘Landmark Pin and Relax’ (LPR) method, developed in the Van Essen lab as part of the
Caret software toolset (http://brainvis.wustl.edu/wiki/index.php/Caret:About), was first described
in the creation of the Population-Average, Landmark- and Surface-based (PALS) human atlas
(Van Essen, 2005), where it was used to register individual human subject cortical hemispheres
to the group-average atlas. LPR attempted to achieve alignment across spherical meshes
(representing cortical surface hemispheres) by projecting landmarks from a source sphere to a
target sphere and performing multiple cycles of landmark-constrained smoothing coupled with
shape-preserving morphing to reduce local distortions (Van Essen et al., 2001a; Van Essen,
2004b, 2004a, 2005). Upon completion of this process, a deformation map is produced based on
the original source mesh and the deformed mesh that encodes the precise relationship between
source and target mesh nodes (i.e. explicitly represents the registration).
The LPR method was first used across species to register the macaque single-subject F99 atlas
(Van Essen, 2002; Van Essen and Dierker, 2007) to the human Colin atlas (Van Essen, 2002,
2004b, 2004a) using a collection of putatively homologous landmarks as registration constraints
(Denys et al., 2004; Orban et al., 2004). This interspecies registration (Van Essen and Dierker,
2007) was constrained by 23 cortical contours including primary sensori-motor areas (V1, A1, 3,
4, gustatory and olfactory), higher visual areas (V2, MT, FEF) and other putatively homologous
areas (13m, 13b, 11l, 32 and hippocampus). While alignment of landmarks was generally
achieved, the registration resulted in nonuniform expansion in regions lying in between
landmarks. These nonuniformities were not driven by the data (i.e., the landmarks) but rather by
the difficulty the LPR algorithm had in expanding or contracting uniformly in the regions
separating the landmark contours constraining the registration. For example, the middle temporal
visual area (MT) and primary auditory cortex (A1) are much farther apart on the human cortex
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than on the macaque. Conversely, the frontal eye fields (FEF) and primary motor cortex (4) are
much closer on human cortex than on the macaque, where a larger intervening region exists
between the two areas. These differences in neighboring areas/regions require large, locally
nonuniform anisotropic distortions (stretching/compression) of intervening surface area in order
to achieve adequate alignment of the landmarks constraining the registration which are not
neurobiologically plausible. Despite some problematic nonuniformities, the registration resulted
in a mapping from macaque to human that generally informed regional expansion of the cortical
surface indicating little expansion of surface area in occipital cortex and sensori-motor cortex
(roughly 2-fold expansion of surface area), while association regions like prefrontal, temporal
and lateral parietal cortex exhibited surface area expansion up to roughly 30-fold, although this
maximum value is likely exaggerated due to artifactual nonuniformities in surface distortions.
Though these previous macaque-human registrations provide useful insights into the comparative
cortical organization across species, the large local nonuniformities introduced in regions
between landmark contours remain problematic. These distortions can be explained by several
methodological shortcomings: (1) the LPR method could not tolerate large displacements of
surface nodes from source to target mesh without introducing nonuniform anisotropic distortions,
(2) LPR registrations were unidirectional, and thus likely experienced bias based on source vs.
target selection (Reuter et al., 2012), (3) the landmark contours used to constrain the registration
only covered a modest amount of the cortical surface, thus deformation of much of the surface
area was not adequately constrained, and (4) distortions required for direct registration from
macaque to human are quite large, and differential expansion across the cortex makes these
distortions difficult to manage.
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The modest number of putatively homologous regions across species makes it important to seek
additional features in the intervening regions of cortical surface that may better constrain the
overall interspecies registration. For example, features derived from structural MRI like cortical
myelin maps (Glasser and Van Essen, 2011) provide a spatially continuous map that should aid
registration, cortical myelin content is consistently low in primarily cognitive regions (e.g.
prefrontal, temporal and lateral parietal cortex) where comparative information is particularly
desirable (Glasser et al., 2012; Donahue et al., 2018). On the other hand, resting state fMRI and
‘functional connectivity’ provide information over much of the cortical surface, and potentially
offer comparative information within these less well understood cognitive regions. Since
functional networks observed at rest tend to overlap with those observed during cognitive tasks
(Power et al., 2011), rfMRI provides a similar methodological paradigm across human and
macaque species that can be used to compare functional connectivity and resting state functional
networks (Vincent et al., 2007; Margulies et al., 2009; Mars et al., 2011; Sallet et al., 2013;
Neubert et al., 2014, 2015). Therefore, resting state networks derived from rfMRI provide an
additional type of data with which to constrain interspecies registrations and provide information
in regions that are particularly uninformed by putatively homologous regions and cortical myelin
maps.
The registration methodology described in this chapter addresses each of the shortcomings of the
previous registration as follows: (1) we utilize the Multimodal Surface Matching (MSM)
algorithm (Robinson et al., 2014, 2017), a modern, flexible surface registration algorithm
constrained by differentially-weighted multimodal data, to perform registration of spherical
meshes across species, (2) registration is performed bidirectionally and averaged (Garcia et al.,
2018), (3) in addition to putatively homologous regions (PHRs) based on group-average species
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atlases, we also include maps of cortical myelin content and resting state networks derived from
functional connectivity data to constrain the registration, and (4) instead of registering directly
from macaque to human cortex, we instead utilize the chimpanzee as a methodological
intermediate, as a way to minimize the magnitude of distortions incurred during each registration
stage (i.e. map from macaque to chimpanzee to human). Furthermore, initial registration of each
macaque and human to the chimpanzee provides a common space on which to perform an
interspecies weighted dual regression: a novel application (based on human subject-to-group
weighted dual regression (Glasser et al., 2016a; Nickerson et al., 2017)) to produce human
network maps (based on human group-average fMRI data) corresponding to group-average
macaque resting state networks.
The primary goal of this study was to generate a macaque-human registration across primate
species that improves on previous methods by (i) utilizing the MSM areal-feature based
registration algorithm, (ii) incorporating multimodal data including high-confidence PHRs, maps
of cortical myelin content and (iii) introducing the chimpanzee as a registration intermediate in
order to minimize localized distortions in any one registration stage. By way of creating this
registration, methodological adaptations for interspecies comparisons were created that can be
employed for more general interspecies analysis including interspecies weighted dual regression
for generation of corresponding resting state network maps across species and further
advancement/public release of the HCP-NHP minimal preprocessing pipelines.

4.2 Materials and Methods
4.2.1 Human Structural and Functional Data Acquisition
Human scans were acquired as part of the Human Connectome Project (HCP), using the HCP
standard protocol (Glasser et al., 2013; Smith et al., 2013; Uǧurbil et al., 2013). T1w and T2w
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structural scans were acquired at 0.7 mm isotropic resolution. Whole brain fMRI data were
collected using multi-band EPI sequence parameters of 2 mm isotropic resolution with TR=720
ms. Field maps acquired during both structural and functional scans were used to ensure proper
alignment of images across modalities. Spin echo phase reversed images acquired during fMRI
sessions were used for bias field correction. These data were acquired, processed and publicly
released by the HCP. The HCP obtained informed consent from all participants and was
approved to conduct human studies by the Washington University in St. Louis Institutional
Review Board (#201105040 date: June 2, 2011).

4.2.2 Yerkes Macaque and Chimpanzee Structural Data Acquisition
Macaque and chimpanzee structural T1w and T2w images were acquired by the Yerkes National
Primate Research Center at Emory University and shared by Drs. J. K. Rilling and T. M. Preuss.
A group of 19 adult macaques (Macaca mulatta; 1 male, 18 female) was scanned at 0.5 mm
isotropic resolution. A group of 29 chimpanzees (Pan troglodytes; all female) was scanned at 0.8
mm isotropic resolution. For these nonhuman primate collections, localized signal dropout was
observed in anterior insular and orbitofrontal cortex. These data were acquired as part of separate
studies covered by animal research protocols approved by relevant institutional committees.

4.2.3 RIKEN NHPCP Macaque Structural and Functional Data Acquisition
The nonhuman primate connectome project (NHPCP) is a collaborative effort with acquisitions
performed at RIKEN Kobe with joint image processing software development and analysis with
the Van Essen lab. This study is described in detail in Autio et al., (2019). In brief, structural and
functional MRI data were acquired from 30 macaque monkeys (14 M. Fasicularis [all male] and
16 M. Mulatta [12 male, 4 female]). Scans were acquired using a 3T MRI scanner and a custombuilt 24-channel multi-array RF head coil (via Rogue Research; production: Takashima
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Seisakusho Co. Ltd., Tokyo, Japan). T1w and T2w structural images were collected at 0.5 mm
isotropic resolution. Resting-state fMRI data were collected at 1.25 mm isotropic resolution with
TR=0.75s. All animals were scanned under anesthesia. After initial sedation with intramuscular
injection of dexmedetomidine (3 ug/kg) and ketamine (6 mg/kg), the animals were fixed in an
animal holder and anesthesia was maintained using intravenous dexmedetomidine (3 ug/kg/hr)
and 0.6 % isoflurane with a mixture of air (0.75 L/min) and O2 (0.1 L/min). . These collections
were performed under approval of the animal studies committee of RIKEN Kobe.

4.2.4 Structural Preprocessing
For each human subject, T1w and T2w structural MRI images were processed using the HCP
minimal preprocessing pipelines (Glasser et al., 2013) to generate cortical surface models,
convert data to the CIFTI data format, achieve alignment across multiple imaging modalities,
and minimize distortions and blurring. Readout distortion was corrected with field maps.
Surface-based registration to a group-average atlas surface was performed using the MSM
algorithm (Robinson et al., 2014) in a two stage process: an initial ‘gentle’ registration stage
based on individual and group-average cortical folding patterns (FreeSurfer’s ‘sulc’ maps; hence,
the ‘MSMSulc’ stage) mapped onto spherical surfaces; this was followed by a more aggressive
‘MSMAll’ registration stage based on cortical areal features consisting of (1) maps of cortical
myelin content, (2) resting state networks and (3) visuotopic maps. Cortical surfaces were
resampled to 164k_fs_LR and 32k_fs_LR mesh resolutions in which left and right hemispheres
are in geographic correspondence.
The HCP minimal preprocessing pipelines (Glasser et al., 2013) have been adapted for use with
nonhuman primates to process both structural (Donahue et al., 2016, 2018) and functional data
(Autio et al., 2019) collected from nonhuman primates. For structural image preprocessing, the
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PreFreeSurferNHP pipeline first aligns structural volumes to native anterior commissureposterior commissure (AC-PC) space, performs brain extraction, cross-modal registration, bias
field correction and nonlinear volume registration to atlas space using FSL software packages
(Smith et al., 2004). The FreeSurferNHP pipeline operates similarly to the FreeSurfer pipeline in
the HCP minimal preprocessing pipelines with a few key differences: (1) nonhuman primate
volume templates are used, (2) the brain size parameter is adjusted to 80 mm for the macaque
and 120 mm for the chimpanzee and (3) the data is converted into a “fake” 1 mm3 space to meet
FreeSurfer requirements without the use of data interpolation. Macaque and chimpanzee volume
and surface templates were created using group-average volumes from Yerkes19 and Yerkes29
subjects, respectively. Volume templates were ‘de-drifted’ by applying the inverse of the warp
field from each subject’s AC-PC to MNI space (Glasser et al., 2013) averaged within each voxel
across all subjects. These de-drifted templates are used for registration before transformation
back into the 0.5 mm input space. The maximum cortical thickness parameter in the FreeSurfer
mris_make_surfaces is modified from its default value of 5 mm to conform to scan resolution
(5/resolution) to compensate for the “fake” 1 mm space used. Finally, the PostFreeSurferNHP
pipeline performs MSMSulc surface registration, driven by cortical folding patterns, and
reconstructs cortical surfaces at multiple mesh resolutions (164k/32k/10k vertices for macaque
surfaces; 164k/32k/20k vertices for chimpanzee surfaces). Cortical myelin maps are also created
in this stage via volume-to-surface mapping of the T1w/T2w image ratio (Glasser and Van
Essen, 2011; Glasser et al., 2013), where voxels within the cortical ribbon region of interest are
weighted using cortical thickness. Voxel weighting was performed along the surface normal with
a gaussian kernel corresponding to the mean species cortical thickness (2 mm for macaques, 5
mm for chimpanzees; Donahue et al., 2018).
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4.2.5 Functional Preprocessing and ICA Decomposition
For humans, rfMRI data was processed using the fMRIVolume and fMRISurface pipelines
contained within the HCP minimal preprocessing pipelines (Glasser et al., 2016, 2013; Smith et
al., 2013). This processing results in a CIFTI “dense time series.” Macaque rfMRI data were
motion corrected and corrected for geometric distortions using spin echo field-map correction
with TOPUP (Andersson et al., 2003). Data were then registered to structural images using a
single-band reference image and BBR (Greve and Fischl, 2009). An NHP version of the multirun implementation of FMRIB’s ICA-based X-noiseifier (FIX; Griffanti et al., 2014, 2017;
Salimi-Khorshidi et al., 2014; Glasser et al., 2018) was used to reduce structured temporal noise.
The structured subspace produced using principal component analysis (PCA) was then
decomposed into statistically independent components using spatial ICA, and the resulting
components were manually classified as signal or noise based on their spatial distribution and
temporal properties (McKeown and Sejnowski, 1998; Griffanti et al., 2014, 2017). For the
anesthetized macaque data described previously, an ICA dimensionality of 18 was chose,
resulting in 15 components classified as signal and 3 components classified as noise.

4.2.6 Group-Average Surface-Based Atlases
Group average atlases were used for each of the three primate species to identify putatively
homologous regions (PHRs) used to constrain interspecies surface registration. Each of these
atlases included cortical surfaces, maps of myelin content and cortical thickness. For humans, we
used data from the HCP 210V (210-subject validation group) and the HCP_MMP1.0 (HCP
Multimodal Parcellation v1.0) group average parcellation (Glasser et al., 2016a). For macaques,
we used group average atlases from the Yerkes19, based on 19 macaques (Donahue et al., 2016,
2018) and the M30, based on 30 macaques (Autio et al., 2019). Macaque histological areal
parcellations (Lewis and Van Essen, 2000; Paxinos et al., 2000) were mapped to the Yerkes19
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atlas from the F99 atlas using the MSM algorithm driven by cortical folding and delineation of
the medial wall (Donahue et al., 2018). For chimpanzees, the Yerkes29 chimpanzee group
average atlas was created similarly to the macaque atlas by using the 29 previously described
adult chimpanzees.

4.2.7 Multimodal Surface Matching: Theory and Application
The MSM algorithm was used to perform registration between spherical maps of each species.
MSM can use multiple surface-based data types as constraints for registration. In brief, the
algorithm iteratively performs local rotations of each surface vertex (relative to the center of the
sphere) while maintaining a relatively smooth overall deformation by penalizing localized
distortions and anisotropies.
Initially, a series of “control” grid points are generated from regular subdivisions of an
icosahedron. For any given control point contained on this grid, label points are evenly placed
around it at a higher resolution, making up a “sample” point grid (also generated via subdivisions
of an icosahedron) that represents potential endpoints for movement of the individual “control”
points. The resolution of the “sample” grid is intermediate between the low-resolution “control”
grid and the “fixed” and ”moving” grids representing the vertices making up the original surface
mesh and the iteratively deformed surface, respectively. Potential deformations, 𝑙𝑝 , are
represented as rotations, 𝑅𝑙𝑝 , between any given “control” point vertex and its corresponding
“label” points. These deformations are represented by rotation matrices computed using the
‘Rodrigues Rotation Formula’ (Robinson et al., 2014). Ultimately, an optimal “label” point
destination is chosen for a given “control” point and a rotation is performed to align them.
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The MSM algorithm attempts to balance a data cost term, cp, representing how well feature
constraints are aligned, with a regularization potential, V, which encourages smooth registration
by penalizing very different deformations produced by neighboring control points. A cost
function is computed by warping a grid of points, P, where p and q represent vertices within this
larger grid:

𝐶𝑂𝑆𝑇 = ∑ 𝑐𝑝 (𝑙𝑝 ) + ∑ 𝜆𝑉(𝑙𝑝 , 𝑙𝑞 )
𝑝∈𝑃

(𝑝,𝑞)∈𝐸

In this cost function, λ represents a regularization weighting parameter and E represents a set of
all neighboring point pairs (grid edges). Thus, λ can be manipulated to either loosen or tighten
the regularization effect on alignment. The regularization term itself is computed based on
differences between potential rotation matrices for neighboring control points based on geodesic
distances on the spherical surface. The registration occurs over multiple control point grid
resolutions, where labels (end points for control grid point deformations) are defined using a
“sampling” grid, typically of higher resolution than the control grid.

In practice, MSM requires the following inputs: (1) an input spherical mesh (representing the
source or starting point of the registration), (2) a reference spherical mesh (representing the
target or end point of the registration), (3) input data (surface-based features to drive alignment
residing on the input mesh geometry) and (4) reference data (features to drive alignment residing
on the reference mesh geometry). In essence, the input mesh is deformed to the reference mesh
by computing optimal alignment of the input data with the reference data via spherical rotations.
For this study, 32k vertex input/reference mesh resolutions were used.
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MSM also allows for the use of a variety of advance command-line arguments and configuration
parameters. The following options were used in this study: (1) regularization weighting, λ, (2)
control point and sampling grid resolutions, (3) smoothing kernels for the input and reference
data, (4) number of iterations performed within each resolution level, (5) optimization approach
of either affine or discrete for a given registration stage (affine alignment typically used to
initialize registration and correct global transformation differences between source and reference
before performing discrete registration stages), and (6) similarity measure used to match data
across source and reference for each stage of the registration (sum of squared differences (SSD)
typically used for initial affine stage and correlation used for discrete stages). Finally, when
performing multiple, consecutive deformations, MSM allows for the output deformation from an
initial registration stage to be used as the input mesh for a subsequent stage while penalizing
distortions incurred in both stages by use of the transform, ‘--trans,’ command-line argument
(Robinson et al., 2014).

4.2.8 Interspecies Registration Paradigm
We implemented an interspecies registration approach (Fig. 4.1) that occurs in two successive
stages:
1) The first stage uses MSM to align macaque and human spherical meshes to an intermediate
chimpanzee sphere using PHRs. This stage aims to achieve good initial PHR alignment on the
chimpanzee surface. This provides an intermediate ‘neutral ground’ common surface space in
which to generate interspecies resting state networks via weighted dual regression that are used
for further refinement in the second stage. Ideally, stage 1 should achieve accurate registration
of all PHRs and should also achieve relatively uniform expansion or compression in the region
between any given pair of PHRs.
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2) The second stage uses the deformed macaque-to-chimpanzee (M2C) and human-tochimpanzee (H2C) spheres generated in the first stage as primers to refine registration to the
chimpanzee when constrained by resting state networks, myelin maps, and PHRs combined.
Ideally, stage 2 should maintain accurate alignment of PHRs but should induce local
deformations that improve alignment of functionally corresponding regions in humans and
macaques.

Figure 4.1. Interspecies Registration Paradigm. The first registration stage is constrained by PHRs and computes
deformations (DM2C and DH2C) used to generate macaque (M2CPHR) and human (H2CPHR) deformed spheres in
alignment with the chimpanzee. The second stage uses these deformed spheres to prime a refined registration to the
chimpanzee constrained by RSNs, myelin maps and PHRs.
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4.2.9 Delineation of PHRs across Species
PHRs were delineated in the human, macaque and chimpanzee in order to serve as a constraint
for the first stage of interspecies registration. We identified 11 PHRs that we consider highly
likely to be homologous across species. These include somatosensory areas 1, 2 and 3; motor
areas 4 and frontal eye fields (FEF); lateral intraparietal area LIPv; primary auditory area A1;
visual areas V1 and the MT complex (MT+); prefrontal areas 12m and 13l. In addition, the noncortical ‘medial wall’ was used as a 12th PHR since its perimeter constitutes a set of borders
with homologous cortical domains. Many of these PHRs were also used in previous interspecies
registrations in which landmark contours were drawn along portions of the perimeter of each
PHR (Orban et al., 2004; Van Essen and Dierker, 2007). However, we started afresh for the
current PHR delineations, using information from group average myelin map intensities and
gradients (Glasser and Van Essen, 2011), group average cortical thickness maps and their
gradients (HCP210V, Glasser et al., 2016; Yerkes19 and Yerkes29, Donahue et al., 2018), and
published cortical parcellations. Human areas were based on the HCP multimodal parcellation
(210V HCP_MMP1.0, Glasser et al., 2016). Macaque and chimpanzee PHRs were drawn on
each species’ surface using Connectome Workbench visualization software (wb_view;
https://www.humanconnectome.org/software/connectome-workbench), as guided by myelin and
cortical thickness maps. Macaque areal delineations were compared with previous parcellations
(Lewis and Van Essen, 2000; Paxinos et al., 2000) for accuracy. Delineation of area V1 in the
macaque and chimpanzee, and medial wall across all three species are described in Donahue et
al., 2018. The medial walls used here were created to restrict analyses to neocortex and
transitional cortex (excluding the hippocampal formation medial to the presubiculum). Criteria
for delineation of each PHR are described in the Results section.
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Figure 4.2. Yerkes19 and RIKEN M30 Group Average Macaque Cortical Myelin Content. Group average myelin
maps were computed for both the Yerkes19 (n=19; left) and RIKEN M30 (n=30; right) macaque atlases. Shown are
both myelin map intensity (top) and its spatial gradient (bottom) for each atlas. Left and right (L/R) hemispheres are
denoted.

We used two separate macaque structural atlases: Yerkes19 (Donahue et al., 2018) and RIKEN
M30 (Autio et al., 2019), generated as described above. Figure 4.2 shows the resulting group
average myelin maps and corresponding spatial gradients for each of these atlases. For the
Yerkes19 atlas, localized signal dropout in anterior insular and orbitofrontal cortex led to
spurious patches of apparent high myelin content that were not evident on the RIKEN M30
maps. Furthermore, artifacts and hemispheric asymmetries can be observed in the inferotemporal
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region in the Yerkes19 myelin intensity and gradient maps compared to the RIKEN M30 maps.
While there are differences across these two group average maps, both are informative over
much of the cortical sheet. While Yerkes19 myelin maps were the primary drivers for
identification of PHRs, RIKEN M30 myelin maps provided an additional source for
corroboration and an additional set of data that we used in the second stage of the interspecies
registration.

4.2.10 Interspecies Registration Stage 1: PHRs
The PHR registration stage includes symmetric registration of each macaque and human sphere
with that of the chimpanzee. The bidirectional registration deformations (M2C, C2M; H2C,
C2M) are then averaged/symmetrized in order to reduce bias based on which sphere was chosen
as source vs. target (Hill et al., 2010; Garcia et al., 2018). More specifically, a registration is
performed with the Yerkes19 group average atlas macaque cortical surface spherical mesh used
as the MSM input mesh and the Yerkes29 group average atlas chimpanzee spherical mesh used
as the target mesh. A registration is also performed with the source and target spheres reversed
(Yerkes29 chimpanzee spherical mesh as source and Yerkes19 macaque spherical mesh as
target). After registration is complete, the macaque-to-chimpanzee and chimpanzee-to-macaque
deformation spheres, dM2C and dC2M, respectively, are averaged in order to produce a single
registration deformation that is symmetric (capable of deforming macaque to chimp and vice
versa). The same methodology is applied when computing a human-chimp registration.
For each of these registrations, the input and reference data sets used to drive MSM alignment
were PHRs defined on each species’ cortical surface stored as GIFTI metric binary ROIs (valued
one within the PHR and zero outside). MSM was run at four levels, an initial affine level
followed by three discrete levels, each using correlation as the similarity measure. The discrete
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stages used increasing control point grid resolutions of 162, 642, and 2562 (corresponding to
configuration codes 2,3, and 4, respectively) and sampling/data grid resolutions of 2,562, 10,242,
and 40,962 (codes 4,5 and 6). Input and mesh spheres were each normalized to a radius of 100
mm prior to registration. In order to accommodate large movements of landmarks across species
(e.g. MT and FEF), input and reference data landmark contours were smoothed with sigma
smoothing kernels of 20, 2 and 1 mm for each respective discrete level resolution. The
regularization weighting coefficient was kept small (λ = 10-4) in order to enable required
distortions to align considerably separated landmarks. The MSM configuration files used will be
made available via the BALSA database (Van Essen et al., 2016).

4.2.11 Weighted Dual Regression for Generating Corresponding Interspecies
Resting State Networks
We next describe an intermediate process that used the outputs of Stage 1 to generate
interspecies RSNs that were used as inputs to the Stage 2 interspecies registration outlined
above. This entailed generating corresponding RSNs in the human to those produced from ICA
decomposition of macaque fMRI, using weighted dual regression (WDR) as adapted from a
method used for generating human individual subject RSNs that correspond to group average
human ICA components in the HCP (Filippini et al., 2009; Glasser et al., 2016a).
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Figure 4.3. Interspecies Weighted Dual Regression to Produce Corresponding Human RSNs based on Macaque
ICA Component Maps.

Because the first stage of the interspecies registration, driven by PHRs, resulted in deformations
of macaque and human to chimpanzee cortex, data represented on the macaque and human
surfaces can be readily resampled onto the chimpanzee surface space using those deformations.
Macaque resting state spatial component maps (produced via ICA of macaque rfMRI) and
human rfMRI dense PCA series were resampled onto the chimpanzee to undergo WDR. The
Human rfMRI dense PCA series was created using Melodic’s Incremental Group PCA (MIGP)
algorithm (Smith et al., 2004) on rfMRI of the 210 subjects making up the HCP210V group.
MIGP produces a computationally manageable number of components (4500) that retain
strongly structured rfMRI BOLD signals consistent across subjects, while removing unstructured
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noise variance (Glasser et al., 2016a). As illustrated in Figure 4.3, the first regression uses
macaque spatial maps as spatial regressors in a generalized linear model (GLM), resulting in
human temporal dynamics associated with each macaque spatial map. The second stage uses
these time courses as temporal regressors in a GLM to generate human component spatial maps.
This two-stage process is iterative; the result at the end of each iteration is weighted based on
alignment of the interspecies RSNs (well-aligned regions are up-weighted and poorly aligned
regions are down-weighted; Glasser et al., 2016).

Figure 4.4. Iterative Registration and WDR for Production of Corresponding Human RSNs.

The macaque and corresponding human RSNs resulting from WDR are then used along with
myelin maps and PHRs to drive registration between the spheres representing the deformations
computed in the first stage of the interspecies registration (Fig. 4.4). After each bidirectional
registration, the resulting deformation is symmetrized, macaque component maps and human
rfMRI dense time series are resampled using the symmetric registration, and WDR is performed
to produce updated corresponding human RSNs. These updated RSNs are then used to drive the
next registration iteration. These registration + WDR iterations included five ‘coarse’ stages and
a final ‘full’ stage. Five coarse iterations were chosen based on running a larger number of
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iterations (>10), assessing after each iteration the spatial correlation of RSN components across
species, and observing that the increase in correlation after five iterations was negligible (see
Results). Each ‘coarse’ registration used only two discrete levels of resolution in MSM (control
point grid resolutions of 42 and 162 (configuration codes 2 and 3) and sampling/data grid
resolutions of 2,562 and 10,242 (configuration codes 4 and 5)). Unlike the initial landmark
registration stage, the input and reference data were not smoothed. Regularization coefficients
were kept small (λ = 10-8) to allow for the data to drive alignment, while correcting for any large
distortions in the final registration stage. The final ‘full’ registration stage was performed as
above, except that it incorporated an additional resolution level in MSM. For this final
registration, control point grid resolutions of 42, 162, and 642 (codes 2, 3, and 4) were used with
sampling/data grid resolutions of 2,562, 10,242, and 40,962 (codes 4, 5, and 6).

4.2.12 Interspecies Registration Stage 2: Multimodal
The second stage of the interspecies registration seeks to refine alignment between the human-tochimp (H2CPHR) and macaque-to-chimp (M2CPHR) deformed spheres generated from the first
stage by using these deformed spheres as primers (invoking the --trans MSM command line
option noted above). A bidirectional registration is performed using the component maps
generated from the previously described iterative registration + WDR process, cortical myelin
maps and landmark contours as alignment constraints. The bidirectional registrations were then
averaged to produce a symmetric registration, as previously described. This registration stage’s
MSM configuration was identical to the ‘full’ registration stage used for generating
corresponding RSNs, with the exception that the final MSM resolution level used a conservative
regularization coefficient (λ = 10-3) to compensate for any large distortions incurred in previous
registration levels. Finally, direct mappings from macaque to human were created by
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concatenating the final macaque-to-chimpanzee and chimpanzee-to-human registrations using
the ‘-surface-spheres-project-unproject’ command in wb_command.

4.2.13 Cortical Expansion Maps
Individual macaque midthickness surfaces were resampled to the human surface using the
multimodal registration deformation sphere. For each individual macaque-to-human deformed
surface, GIFTI maps of vertex areas were computed using the “-surface-vertex-areas” command
in the Connectome Workbench toolset and averaged. This same process is performed on
individual human midthickness surfaces (n = 210) to produce a group-average human
midthickness vertex area map. The ratio was then taken of the average macaque-to-human
deformed vertex areas and the human group-average midthickness vertex areas in order to
represent areal expansion. The areal expansion map values are displayed logarithmically
(ln 𝑥⁄ln 2, where x represents each vertex’s surface area ratio value). To generate a parcellated
areal expansion map, the ‘dense’ vertex-wise values are averaged within each area of the
HCP_MMP1.0 human parcellation on each species’ surface.

4.3 Results
Achieving a high-quality multimodal interspecies registration required identifying an appropriate
set of constraints to drive the registration process. Therefore, we describe both the data driving
the registrations, as well as the resulting deformations. First, we utilized structural feature maps
across human, chimpanzee and macaque group average atlases along with extant surface-based
parcellations to delineate putatively homologous regions (PHRs) in each of the three species.
These were used to drive a first registration stage that brought human and macaque into
approximate alignment on the chimpanzee intermediate surface. This enabled human dense fMRI
time series data and macaque RSN components to be resampled to the chimpanzee atlas space. In
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this common chimpanzee space, an iterative weighted dual regression and registration was
performed to generate human RSN component maps corresponding to those produced from ICA
decomposition of macaque fMRI data. Finally, human and macaque PHRs, myelin maps and
RSN component maps were used to drive a second registration stage. For each stage of
registration, the cortical surface deformations will be described in terms of spherical areal
distortion ratio and anisotropic strain, alignment of the data driving the registration (i.e. PHRs),
and maps of areal expansion based on the original and deformed surfaces (i.e. expansion from
macaque to human cortex).

4.3.1 First Registration Stage: Putatively Homologous Regions
The first registration stage was driven by PHR regions of interest representing, the boundaries of
which were drawn on each atlas surface, delineating regions that are likely homologous between
species. Since homology cannot be proven without fossil evidence from a common ancestor, we
instead rely on an accumulation of features that instill reasonable confidence in a shared structure
and/or function of cortical regions. Using features derived from structural MRI, chiefly myelin
maps, and extant cortical parcellations in the macaque and human, we identified 11 PHRs (plus
the non-cortical ‘medial wall’) in each of the three species that were used to drive the first
registration stage.

4.3.1.1 Myelin Maps and Extant Cortical Parcellations Drive Identification of
PHRs
PHRs were identified using a set of criteria based on the available data for each of the three
species. For the human, the HCP multimodal parcellation provided delineations for all but one of
the 11 PHRs, and each was represented on the HCP 210V group average atlas surface (Glasser et
al., 2016a). Macaque PHRs were identified using group average myelin intensity and gradient
maps and refined using extant cortical parcellations (Lewis and Van Essen, 2000; Paxinos et al.,
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2000). Macaque PHRs were represented on the Yerkes19 group average atlas surface (Donahue
et al., 2018). Given that chimpanzee imaging data only includes structural MRI and that accurate
surface-based cortical parcellations are not available, chimpanzee PHRs were identified using
only group average myelin maps and their spatial gradients, while drawing comparisons with
these features in the human and macaque. Chimpanzee PHRs were represented on the Yerkes29
group average atlas surface (Donahue et al., 2018). Although maps of cortical thickness and their
spatial gradients were used to add confidence to PHR delineations in the macaque and
chimpanzee, they did not serve as a primary driver for drawing boundaries.
Table 4.1 details the ordered criteria used to identify boundaries for each of the 11 PHRs, which
include 3 somatosensory ROIs (areas 1, 2, and 3a+3b), 3 visual ROIs (areas V1, LIPv, and the
MT+ complex), 2 motor ROIs (area 4 and FEF), the primary auditory area (A1) and two
prefrontal ROIs (areas 47m/12m and 13l). In the macaque, most boundaries were drawn based on
myelin and then refined based on extant cortical parcellations; however, there were a few notable
exceptions. We were unable to identify the anterior boundary of area 4 confidently based on
myelin alone and instead used an amalgamation of the anterior boundaries of area 4 as defined
by the Lewis and Van Essen (2000) and Paxinos et al. (2000) cortical parcellations. Our macaque
frontal eye field delineation was based primarily on myelin intensity and gradients but was
corroborated by its location in the rostral bank of the arcuate sulcus (Schall et al., 1995; Vernet et
al., 2014). The MT+ complex was delineated across species to include middle temporal areas
MT and MST. We specifically included areas MT, MSTm and MSTda of the Lewis and Van
Essen (2000) parcellation in the macaque and areas MT and MST in the human HCP multimodal
parcellation (Glasser et al., 2016a). Finally, area V1 was delineated previously in the macaque
and chimpanzee (Donahue et al., 2018).
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Table 4.1: Criteria for Delineating Putatively Homologous Regions in Humans and
Macaques.

PHR Name

Macaque Criteria

Chimpanzee Criteria

Human Criteria

Area 1

Y19 Atlas Features
LV00 Area 1
PHT00 Area 1

Y29 Atlas Features

HCP_MMP1.0 Area 1

Area 2

Y19 Atlas Features
LV00 Area 2
PHT00 Area 2

Y29 Atlas Features

HCP_MMP1.0 Area 2

Area 3

Y19 Atlas Features
LV00 Areas 3a and 3b
PHT00 Areas 3a and 3b

Y29 Atlas Features

HCP_MMP1.0 Areas 3a and 3b

Area 4

LV00 Area 4
PHT00 Area 4
Y19 Atlas Features

Y29 Atlas Features

HCP_MMP1.0 Area 4

Area 47/12m

Y19 Atlas Features
LV00 Area 12m

Y29 Atlas Features

HCP_MMP1.0 Area 47m
Ongur et al., Area 47/12m

Area 13l

Y19 Atlas Features
LV00 Area 13l

Y29 Atlas Features

HCP_MMP1.0 Area 13l

Area A1

Y19 Atlas Features
LV00 Area A1

Y29 Atlas Features

HCP_MMP1.0 Area A1

Area FEF

Y19 Atlas Features
PHT00 Area 45b
Cortical Folding

Y29 Atlas Features

HCP_MMP1.0 Area FEF

Area LIPv

Y19 Atlas Features
LV00 Area LIPv
PHT00 Area POal

Y29 Atlas Features

HCP_MMP1.0 Area LIPv

MT+

Y19 Atlas Features
LV00 Areas MT, MSTm
and MSTda

Y29 Atlas Features

HCP_MMP1.0 Areas MT + MST

Area V1

Donahue et al., 2018

Donahue et al., 2018

HCP_MMP1.0 Area V1

Each of the 11 PHRs were delineated based on structural features and previously published areal parcellations.
PHRs delineated based on multiple factors criteria listed in order of importance. Y19 and Y29 Atlas Features refer
to each atlas’ group average structural feature maps: myelin maps + gradients and cortical thickness maps +
gradients. LV00 and PHT00 refer to the Lewis & Van Essen (2000) and Paxinos et al., (2000) macaque
parcellations, respectively. HCP_MMP1.0 refers to the human multimodal parcellation (Glasser et al. 2016) and

101

Ongur et al., refers to the architectonic parcellation of orbitofrontal and medial frontal cortex (Öngür et al., 2003).
Delineation of medial walls and area V1 in the macaque and chimpanzee are described in Donahue et al., 2018.

Figure 4.5 illustrates the location of the 11 PHRs (plus medial wall) on group average atlas
inflated surfaces for each species. The PHRs are overlaid on FreeSurfer ‘sulc’ maps maps (top
row), and then overlaid on (outlined in white) myelin maps (middle row) and myelin gradient
maps (bottom row) to emphasize the utility of these structural feature maps in identifying cortical
areas for both the left (Fig. 4.5A) and right (Fig. 4.5B) hemispheres.
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Figure 4.5: PHRs Drawn on Species Group Average Surfaces. PHRs are overlaid on group-average sulcal depth
maps (top), and their boundaries (white outlines) are overlaid on group-average cortical myelin maps (middle) and
myelin gradient maps (bottom). All are displayed on group-average inflated surfaces of left (A) and right (B)
hemispheres.

Areas 47/12m and 13l (Fig. 4.6) were identified across species based on the moderate-to-high
myelination of area 47/12m present in ventral frontal cortex and the adjacent lightly myelinated
region directly inferior to it, 13l. These areas were identified in humans based on the
HCP_MMP1.0 parcellation and aided by the Ongur et al. architectonic parcellation of
orbitofrontal and medial frontal cortex (Öngür et al., 2003).

These areas were identified in the chimpanzee and macaque based on their similar cortical
myelination patterns. Furthermore, our macaque delineation exhibits considerable overlap with
the Ferry et al. parcellation (Ferry et al., 2000). Despite these structural similarities, the
organization of surrounding areas is quite different between macaques and humans. For example,
area 12m in the macaque lies close to area FEF, whereas corresponding area 47/12m in the
human lies considerably farther away. This type of organizational difference has an important
impact, as anisotropic distortion will be required to accommodate large displacement when
registering between species.
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Figure 4.6: Frontal and Parietal PHRs. Frontal and Parietal PHRs are overlaid on group-average FreeSurfer
‘sulc’ maps (top), and their boundaries (white outlines) are overlaid on group-average cortical myelin maps
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(middle) and myelin gradient maps (bottom). All are displayed on group-average inflated surfaces of left (A) and
right (B) hemispheres.

4.3.1.2 MSM Achieves Good PHR Alignment of Macaque and Human on
Chimpanzee Intermediate
Using PHRs as drivers for interspecies registration, MSM achieved generally excellent alignment
of PHR boundaries when deforming from both human (outlined in black) and macaque (outlined
in white) to the chimpanzee cortical surface (Fig. 4.7). As expected, the most pronounced
deviation was alignment of human PHR FEF with that in the chimpanzee. Specifically,
deformed human FEF (black outline) overlaps the chimpanzee delineation [orange], but a ‘tail’
extends to motor area 4 [blue], because FEF directly adjoins area 4 in humans, whereas there is a
substantial gap in both the chimpanzee and the macaque, so macaque FEF alignment (white
outline) is spared this complication. The inability to match topologically incompatible
parcellations is an important limitation of MSM and other topology-preserving algorithms (see
Discussion).
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Figure 4.7: Registration of PHRs from Macaque and Human to the Chimpanzee. Deformed PHRs registered from
human (black outlines) and macaque (white outlines) group-average surfaces are overlaid on the chimpanzee
(filled) PHRs and shown on chimpanzee group-average inflated left (A) and right (B) hemispheres.
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Figure 4.8 illustrates the areal distortions (i.e. spatial expansions and compressions) required to
achieve human and macaque PHR alignment to the chimpanzee shown in Figure 7. Spherical
area surface distortion ratios (Fig. 4.8, top) were computed using the Connectome Workbench ‘surface-distortion’ command, which effectively computes the logarithmic ratio of vertex areas
between deformed and source surfaces. These distortion ratios were computed using the original
and deformed atlas spheres (as the registration computed deformations between spherical surface
meshes) but are displayed on inflated surfaces for easier recognition of surface anatomy. Sphere
diameters (and hence surface areas) were normalized prior to analysis, so any differences in
absolute scale between spheres are not preserved in these results. To achieve alignment within
and between PHRs, spherical vertex areas required up to 8-fold expansion or compression.
Ideally, distortions would be uniform between PHRs (which was not achieved by previous
published efforts - see Discussion). This is largely the case here, with expansions (red) in
macaque frontal/parietal cortex and relative compressions in temporal and occipital cortex. A
generally opposite pattern exists in the human, with generally uniform compression over much of
the cortex, save for occipital and parietal cortex. Anisotropic strain (i.e. distortion predominantly
expanding in one axis, while compressing in another; Fig. 4.8, bottom) should ideally be
minimized over the entire cortical surface. Exceptions should be expected in regions of high
areal expansion between species, which is demonstrated in macaque frontal cortex between FEF
and 12m and between MT and A1. Anisotropic strain in the human to chimpanzee registration is
minimal, though expected anisotropy appears between FEF and area 4, due to the differing
regional organization between species.
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Figure 4.8: Areal Distortion and Anisotropic Strain Resulting from Macaque and Human PHR Registration to
Chimpanzee. For both macaque (left) and human (right), registration to the chimpanzee resulted in spherical areal
distortions (top) and anisotropic strain (bottom) from the source to deformed surface. These values are computed
from deformation of the spherical surfaces but are displayed on group average inflated surfaces. PHRs used to drive
registration from human and macaque group average surfaces are overlaid (outlined in white).

4.3.1.3 Interspecies Registration Based on Cortical PHRs Indicates Large
Areal Expansion in Predominantly Cognitive Regions
A multi-step process was used to generate an areal scaling map that represents the ratio between
a typical human midthickness surface and a typical macaque midthickness surface (see
Methods). In brief, this entailed concatenating the PHR-based deformations from macaque and
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human to chimpanzee to generate a macaque-to-human registration, resampling 19 individual
macaque midthickness surfaces to be in register with the human atlas surface. The logarithmic
ratio of the average vertex areas between the original human and deformed macaque
midthickness surfaces was then computed to illustrate areal expansion corresponding to each
surface vertex. Figure 4.9 illustrates this expansion map on both human and deformed macaqueto-human inflated surfaces with the HCP_MMP1.0 parcellation (Glasser et al., 2016a) overlaid
to aid in identification of expansion within cortical areas. Expansion is displayed both as dense
maps (valued at every surface vertex, Fig. 4.9 left) and parcellated maps (values of vertices
averaged within each parcel, Fig. 4.9 right). For these maps, red indicates regions of highest areal
expansion (~32-fold expansion), while blue indicates regions of relatively low cortical expansion
(~2-fold expansion).
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Figure 4.9: Macaque to Human Areal Expansion Resulting from PHR Registration. The logarithmic ratio of
average vertex areas of human (n=210) and deformed macaque (n=19) midthickness surfaces is shown on both
deformed macaque (left) and human (right) inflated cortical surfaces. These ratios are displayed as dense maps
(top) and averaged within each parcel of the HCP_MMP1.0 parcellation (bottom).

The areal expansion maps produced from this first-stage PHR-driven registration show a number
of regional variations with important features. According to these results, high (maximum ~29fold) expansion from macaque to human occurred in frontal, lateral parietal, and temporal cortex,
while low expansion (minimum ~1.8-fold) occurs in early sensory regions, including visual
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(areas V1 and MT+) and sensorimotor cortex (areas 1, 2, 3, and 4). An important methodological
validation is that the expansion maps are very similar in the left and right hemisphere, as
expected given the bilateral symmetry of the PHRs. However, there are several alternating strips
of high vs moderate expansion, particularly in lateral prefrontal and temporal cortex. This may
reflect an artifactual spatial pattern of distortion in projecting individual midthickness surfaces to
spheres. In general, regions implicated in cognitive related functions and tasks by this initial
analysis show high expansion, whereas regions in evolutionarily conserved early sensory
modalities show relatively low expansion. However, as the next section demonstrates, the
expansion maps are substantially different when additional modalities, involving regions in
between our initial PHRs, are brought into play.

4.3.2 Macaque Resting State Networks Complement PHRs to Inform
Expansion of Cognitive Regions
rfMRI collected from 30 anesthetized macaques underwent independent component analysis
(ICA) decomposition, which resulted in 18 components, three of which were manually identified
as noise components. We considered the remaining 15 components neurobiologically
informative and used them for subsequent stages in the interspecies registration process.
Figures 4.10-4.13 shows each of the resulting 15 ICA signal components representing RSNs on
inflated macaque cortical surfaces and related flat maps and separated into visual, sensorimotor,
and cognitive components. Areas showing strong correlations of BOLD signal fluctuations
(yellow) across these RSNs is spatially diverse and represent several larger functional networks,
each of which shows a high degree of bilateral symmetry. For example, three of the networks
show strong BOLD correlations in visual cortex (Fig. 4.10, two components exhibit strong
correlations in either central or peripheral representations of V1 along with early extrastriate
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areas; a third shows strong correlations in and near visual area MT). Many others show strong
correlations in somatomotor and somatosensory regions (Fig. 4.11, components with strong
correlations in the sensorimotor region of left [SM_L] and right [SM_R] hemispheres, the face
region, as well as two components extending anteriorly to the premotor region). Importantly,
several RSNs show strong correlations in regions of cognitive cortex that lie outside the PHRs
used to drive the first registration stage (Figs. 4.12, 4.13). Three such RSNs overlap with
portions of the putative macaque default mode network (DMN; Buckner et al., 2008) with strong
correlations in posterior cingulate, lateral parietal, and medial prefrontal cortex (Fig. 12).
Additional components show strong correlations in dorsal PFC, the superior temporal region, and
along cingulate cortex (Fig. 4.13). Less prevalent, but also informative are regions of negative
correlations (green), which provide additional spatial contrast for use in interspecies registration.
Altogether, these RSNs provide functionally informative maps spanning most of the cortical
sheet and complement the relatively modest coverage provided by PHRs.

Figure 4.10: Visual Resting State Networks derived from Anesthetized Macaque rfMRI. Three of the fifteen total
RSN components decomposed from macaque rfMRI using spatial ICA are shown individually on macaque group-
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average inflated cortical surfaces (left) and flat maps (right). These components show strong BOLD correlations in
visual regions: central, peripheral, and MT+. Regions of positively correlated BOLD signal fluctuation for each
component are colored in yellow, negatively correlated regions are colored in green and regions showing low
magnitude correlations are colored in red/blue.

Figure 4.11: Sensorimotor Resting State Networks derived from Anesthetized Macaque rfMRI. Five of the fifteen
total RSN components decomposed from macaque rfMRI using spatial ICA are shown individually on macaque
group-average inflated cortical surfaces (left) and flat maps (right). These components show strong BOLD
correlations in sensorimotor regions: left/right unilateral components in lower limbs region [SM_1L, SM_1R],
bilateral component in face region [SM_2], and two bilateral components with strong correlations extending
anteriorly into the premotor region [PM_1, PM_2]. Regions of positively correlated BOLD signal fluctuation for
each component are colored in yellow, negatively correlated regions are colored in green and regions showing low
magnitude correlations are colored in red/blue.
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Figure 4.12: Default Mode Network Components Derived from Anesthetized Macaque rfMRI. Three of the fifteen
total RSN components decomposed from macaque rfMRI using spatial ICA are shown individually on macaque
group-average inflated cortical surfaces (left) and flat maps (right). These components are thought to be associated
with the putative macaque Default Mode Network (posterior cingulate, lateral parietal, and medial prefrontal
components). Regions of positively correlated BOLD signal fluctuation for each component are colored in yellow,
negatively correlated regions are colored in green and regions showing low magnitude correlations are colored in
red/blue.
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Figure 4.13: Additional Cognitive Components Derived from Anesthetized Macaque rfMRI. Four of the fifteen
total RSN components decomposed from macaque rfMRI using spatial ICA are shown individually on macaque
group-average inflated cortical surfaces (left) and flat maps (right). These components are show strong BOLD
correlations in regions linked to cognitive function (dorsal prefrontal, superior temporal gyrus and cingulate).
Regions of positively correlated BOLD signal fluctuation for each component are colored in yellow, negatively
correlated regions are colored in green and regions showing low magnitude correlations are colored in red/blue.

4.3.3 Weighted Dual Regression Generates Human Correspondences to
Macaque RSNs
We adapted a weighted dual regression (WDR) approach used in the HCP processing pipelines
for use across species. Whereas the HCP utilized WDR to generate individual RSNs based on
those produced from a group-average data set, here, we instead generated group-average human
RSNs corresponding to those produced from the group-average macaque data shown in Figures
4.10-4.13 while iteratively registering between the species using the newly generated RSN
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component maps as registration constraints. First, human dense time series rfMRI data and the
macaque RSN components were resampled to the chimpanzee surface using the previously
described deformation produced using PHRs. A WDR was then performed on these data and the
resulting human component maps were used along with myelin maps and the previously
described PHRs to drive additional registrations. At the end of each registration, human
components corresponding to macaque RSNs were regenerated using WDR. To evaluate whether
additional registration improved alignment, the spatial correlation was computed for (1) each
individual RSN component (Figure 4.14) and (2) the concatenation of all 15 RSNs across species
following each iteration of registration and WDR. We found that the increase in correlations
were negligible after five coarse registration stages, and thus five coarse stages plus one final,
high-resolution registration stage were implemented as detailed in the methods section.
Performing registration in this way increased the spatial correlation of concatenated maps from r
= 0.52 to r = 0.66.

116

Figure 4.14: Iterative Registration and Weighted Dual Regression Improves Spatial Correlation of Resting State
Networks across Species. Spatial correlation of individual RSN maps across species after PHR-based registration to
the chimpanzee (blue bars) and after iterative registration and WDR (yellow bars). RSN map names and
organization follow those shown in Figs. 4.10-4.13.

Following this iterative registration + WDR process, human component maps corresponding to
macaque RSNs were resampled back to the human atlas surface for visual comparison across
species. Figures 15-18 show corresponding human components (corresponding to macaque
RSNs in Figs. 10-13, respectively) generated using iterative registration + WDR. These networks
are juxtaposed with their macaque counterparts to show the similarity in BOLD correlation
patterns across species and emphasize functional alignment. The human components
corresponding with the visual (Fig. 15), sensorimotor (Fig. 16), DMN (Fig. 17), and other
cognitive (Fig. 18) macaque networks all correlate quite well with their macaque counterparts
(Fig. 14B); However, some macaque components exhibit greater spatial complexity in their
corresponding human networks (e.g. components in lateral parietal cortex/putative DMN (Fig.
17) along the cingulate (Fig. 18).
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Figure 4.15: Visual Macaque RSNs and Corresponding Human Maps. Macaque resting state network
components (left) were used to generate corresponding component maps in the human (right) via registration and
weighted dual regression. The three RSNs presented here correspond to the visual macaque RSNs in Figure 4.10.
Regions of positively correlated BOLD signal fluctuation for each component are colored in yellow, negatively
correlated regions are colored in green and regions showing low magnitude correlations are colored in red/blue.
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Figure 4.16: Sensorimotor Macaque RSNs and Corresponding Human Maps. Macaque resting state network
components (left) were used to generate corresponding component maps in the human (right) via registration and
weighted dual regression. The five RSNs presented here correspond to the sensorimotor macaque RSNs in Figure
4.11. Regions of positively correlated BOLD signal fluctuation for each component are colored in yellow, negatively
correlated regions are colored in green and regions showing low magnitude correlations are colored in red/blue.

Figure 4.17: Default Mode Network Macaque RSNs and Corresponding Human Maps. Macaque resting state
network components (left) were used to generate corresponding component maps in the human (right) via
registration and weighted dual regression. The three RSNs presented here correspond to the DMN macaque RSNs
in Figure 4.12. Regions of positively correlated BOLD signal fluctuation for each component are colored in yellow,
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negatively correlated regions are colored in green and regions showing low magnitude correlations are colored in
red/blue.
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Figure 4.18: Additional Cognitive Macaque RSNs and Corresponding Human Maps. Macaque resting state
network components (left) were used to generate corresponding component maps in the human (right) via
registration and weighted dual regression. The three RSNs presented here correspond to the additional cognitive
macaque RSNs in Figure 4.13. Regions of positively correlated BOLD signal fluctuation for each component are
colored in yellow, negatively correlated regions are colored in green and regions showing low magnitude
correlations are colored in red/blue.

While a majority of RSNs exhibit reasonable functional alignment across species, some
components exhibit broader activation in the human than in the macaque. Figure 4.14 shows two
such networks, both exhibiting strong BOLD correlations primarily within the superior temporal
region. In the macaque, ST_1 show strong correlations predominantly within the superior
temporal sulcus, including higher visual areas MT and FST (Lewis and Van Essen, 2000). While
higher visual areas also exhibit correlated activity in the corresponding human network, strong
correlations are also exhibited in prefrontal (area a47r) and inferior parietal cortex (area PGs),
potentially indicating a more diverse distribution of functional connectivity. Macaque ST_2
shows strong correlations predominantly along the superior temporal gyrus (areas Ts, Tpt, PA
(Lewis and Van Essen, 2000)) as well as within primary auditory cortex (area A1). While this
pattern persists in the corresponding human map, higher visual areas MT and MST also show
relatively strong correlations along with auditory regions. The greater spatial complexity seen in
some of the corresponding human networks is potentially indicative of interspecies differences
(i.e. greater complexity in human functional connectivity), although this could also be attributed
to methodological differences between the data collections in the two species (e.g. awake human
subjects vs. anesthetized macaques, better human data quality) and/or the greater number of
human subjects.
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4.3.4 Registration Based on Multiple Data Types Emphasizes Expansion of
Cognitive Regions
Once corresponding human maps were generated, a final registration was performed to
incorporate additional data as registration constraints. Using the previously described PHRdriven registration to chimpanzee (results shown in Figs. 4.7-4.9) as a primer, a second
registration stage incorporating 11 PHRs (Figs. 4.5-4.6), 15 RSN components (Figs. 4.16-4.18)
and myelin maps (Yerkes19 and RIKEN M30 group-average myelin maps; see Methods Fig.
4.2) was performed. Therefore, while the first registration stage was constrained by 11 PHRs, the
second stage includes an additional 17 constraints (aligning 15 macaque RSNs with
corresponding human networks, as well as two macaque group-average myelin maps with the
human group-average myelin map).
Figure 4.19 (akin to Fig. 4.8 for the first registration stage) shows spherical areal distortion ratios
and anisotropic strain incurred over the two-stage registration (PHR stage + Multimodal stage).
As this dual stage registration utilized the ‘—trans’ option within MSM, regularization was
preserved over both registration stages. Distortions incurred for the multimodal registration are
of similar magnitude to those seen for the PHR registration (Fig. 4.4), however they tend to be
more localized in specific regions rather than relatively uninform between PHRs. While this is
expected given the spatially distributed features used for stage 2 registration, it is important to
evaluate whether the specific patterns make neurobiological sense. While expansion is generally
seen over macaque frontal and parietal cortex, expansion is particularly pronounced in the insular
region/frontal operculum and the superior temporal region. Furthermore, expansion is more
concentrated in posterior cingulate cortex, while less so around the anterior cingulate. As in the
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first stage, mild compression is generally uniform along temporal and occipital cortex. In the
human-to-chimp registration, high compression can be seen in lateral parietal and prefrontal
cortex (Fig. 4.10), while mild-to-moderate compression is seen in the posterior cingulate, insular
and temporal regions. Although overall symmetry of distortions across hemispheres is not as
strong as those produced during the PHR stage (Fig. 4.8), it is still quite reasonable considering
asymmetries present in some RSNs. As in the PHR registration, the lowest amount of expansion
is seen in evolutionarily conserved regions like primary visual and somatomotor cortex. Patterns
of anisotropic strain are largely similar to those seen in the PHR registration (Fig. 4.8), however
they are decreased somewhat in magnitude in the previously discussed problem regions (i.e.
between FEF/4, 12m/FEF, and MT/A1).
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Figure 4.19: Areal Distortion and Anisotropic Strain Resulting from Macaque and Human Multimodal
Registration to Chimpanzee. For both macaque (left) and human (right) species, registration to the chimpanzee
resulted in spherical areal distortions (top) and anisotropic strain (bottom) from the source to deformed surface.
These values are based on deformation of the spherical surfaces over two registration stages but are displayed on
group average inflated surfaces. PHRs used to drive registration from human (black outline) and macaque (outlined
in white) group average surfaces are overlaid.

These dual-stage deformations to chimpanzee were then concatenated and used to produce the
areal expansion maps shown in Figure 4.20. The parcellated macaque-to-human areal expansion
map exhibits a magnitude of areal expansion like that derived from PHRs shown in Figure 4.9
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(roughly 2-fold to 30-fold expansion). Features preserved from the PHR-driven registration
include regions of least expansion seen in primary sensory regions such as visual area V1, the
MT+ complex and sensorimotor areas. Also similar are general patterns of high expansion in
cognitive regions of prefrontal, lateral parietal and temporal cortex. However, the multimodal
registration exhibits some key differences. Interestingly, yet not surprisingly, high expansion is
evident throughout constituent regions of the default mode network. For example, lateral parietal
cortex is highly expanded, as is posterior cingulate cortex. Though expansion is still seen in
medial prefrontal cortex, the multimodal registration shows more modest patterns of expansion
in the motor-related regions of the anterior cingulate. More striking is the high expansion seen in
the anterior insula, a region implicated in human affect (Shin et al., 2000; Spence et al., 2001;
Berthoz et al., 2002; Sanfey et al., 2003) and where cortical areas have shown to be more
activated in cognitive related tasks (e.g. area OP2-3; Glasser et al., 2016).
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Figure 4.20: Macaque to Human Areal Expansion Resulting from Multimodal Registration. The logarithmic
ratio of average vertex areas of human (n=210) and deformed macaque (n=19) midthickness surfaces is shown on
both deformed macaque (left) and human (right) inflated cortical surfaces. These ratios are displayed as dense maps
(top) and averaged within each parcel of the HCP_MMP1.0 parcellation (bottom).

4.4 Discussion
Here, we have presented a novel paradigm for performing surface-based registration across
primate species. In doing so, we adapted several techniques from the HCP’s processing and
analysis of human neuroimaging data for use with nonhuman primates, most notably generation
of corresponding RSN components across species using rfMRI imaging data. This registration
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technique improves upon a previously published PHR-driven mapping by using a more robust
algorithm (MSM) and by including additional data types (RSNs and myelin maps) that serve to
inform deformation/expansion in regions where area-to-area homology across species is not well
established. Moreover, the technique’s flexibility allows for its extension to the use of
additional/alternative PHRs, RSN and/or myelin representations, and imaging modalities
including task-based fMRI. For clarity, throughout this section we discuss human parcellation
areas and their corresponding areas on the macaque (as shown in Fig. 4.20) rather than refer to
monkey-specific parcellations.

4.4.1 Algorithmic and Methodological Improvements Provide a Finer-Grained
Map of Areal Expansion across Species
Our PHR and multimodal registrations can be compared with one another, as well as with a
previously published ‘legacy’ interspecies registration, by using areal expansion maps. Figure 21
shows the expansion map produced by a PHR-contour-driven registration from Van Essen and
Dierker, (2007), generated using a collection of 23 PHR contours across human and macaque
species (many areal pairs) and a process reported across several studies (Denys et al., 2004;
Orban et al., 2004; Van Essen, 2005). This map was registered from the PALS atlas (Van Essen,
2005) surface to the fs_LR surface mesh (Van Essen et al., 2012a) for direct comparison with the
expansion maps produced from this study. The legacy registration smoothed the data along the
surface in order to mitigate artifactual biases in the surface deformation (see Introduction),
therefore its expansion maps lacked the level of granularity available in the dense vertex-wise
expansion maps produced in this study. For comparison at the areal level, the legacy expansion
map’s values were averaged within parcels of the HCP_MMP1.0 parcellation (Glasser et al.,
2016a) and shown alongside the expansion maps produced by the PHR and multimodal
registrations.
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Figure 4.21: Comparison of Areal Expansion using three Registration approaches. The legacy expansion map
(top; Van Essen and Dierker, 2007), which used the ‘LPR’ algorithm applied to putatively homologous contours
(PHCs), was averaged within HCP_MMP1.0 parcels to be displayed alongside the present PHR-driven (middle;
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Fig. 4.9) and multimodal (bottom; Fig. 4.20) registrations (both using the MSM algorithm), all shown on inflated
right hemispheres of the HCP210V atlas surface.

Since the legacy registration (Fig. 4.21, top) and the PHR registration produced by this study
(Fig. 4.21, middle) were similarly driven by putatively homologous regions across species’
surfaces (although PHRs and their delineation differed across methodologies), broad similarities
in the results would be expected. Prefrontal, lateral parietal and temporal expansion is prevalent
in both registrations; however, the PHR registration exhibited more prominent expansion in
medial prefrontal and orbitofrontal cortex. Furthermore, temporal and parietal expansion is much
more localized in the PHR registration. Though some of the wider-spread expansion evident in
the legacy expansion can be attributed to spatial smoothing of the data across the surface, these
differences can also be attributed to a number of methodological differences, including (1)
algorithmic advances in the MSM algorithm allowing for surface deformations at a finer level of
granularity than was previously possible, (2) the PHR registration mitigated biases introduced by
choice of registration source vs. target by performing registration bidirectionally and averaging,
while the legacy registration was unidirectional (macaque to human), (3) the use of the
chimpanzee intermediate mitigating large anisotropies/localized distortions which could have
potentially biased the levels of expansion seen in the smoothed legacy maps, and (4) a different
set of PHRs used to drive the registrations as well as differences in individual PHR delineations
across studies. As discussed in the Results, areas of highest expansion according to our PHR
registration included regions that are implicated in higher cognitive function including cortical
areas that exhibit strongly correlated activity during cognitive tasks (Glasser et al., 2016a). Such
areas that are implicated in human cognitive function (e.g. Broca’s area related to advanced
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language and the orbitofrontal complex related to emotion & affect) would presumably have
required additional cellular machinery in humans in order to facilitate these functions.

4.4.2 Multimodal Features Provide a More Refined Expansion Map in
Cognitive Regions
Myelin and resting state component maps provide a degree of ‘feature contrast’ over much of the
cortical surface that was not previously attainable using a modest set of PHRs. However, a
potential confound lies in the presumed homology of resting state networks across species. Based
on the assumption that the increased size and complexity of the human brain compared to the
macaque could potentially lead to additional/more highly distributed resting state networks, we
chose to use the macaque network decomposition as the driver to generate human networks via
weighted dual regression.
As noted in the Results, the multimodal registration exhibits high areal expansions particularly in
anterior insular, posterior cingulate, medial prefrontal and lateral parietal cortex. The most
striking finding from multimodal registration is perhaps the high expansion seen in the anterior
insula that was not present in either PHR-based registration. One possible correlate of such an
expansion, would be the presence of von Economo neurons (VENs) in the fronto-insular cortex
of humans and great apes (Shin et al., 2000). These large, bipolar neurons are particularly
prevalent in this region, more so in humans than great apes (and not present in the macaque
monkey). Furthermore, anterior insular and anterior cingulate cortex have been implicated in
human affect, particularly related to situations involving social error (e.g. resentment (Sanfey et
al., 2003), deception (Spence et al., 2001), embarrassment (Berthoz et al., 2002), guilt (Shin et
al., 2000), and empathy (Lamm and Singer, 2010)). The posterior cingulate cortex is another
region of high expansion not found in the PHR-based registrations. The posterior cingulate is a
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primary constituent of the default mode network (Buckner et al., 2008) and has been shown to be
symmetric across hemispheres and consistent across human and macaque species (Mantini et al.,
2011). Therefore, along with other DMN constituents like medial PFC and lateral parietal cortex,
expansion of this cognitive-related region would be expected based on its functional profile.
Finally, although expansion of the medial prefrontal cortex is seen across all three registrations’
expansion maps, the multimodal registration confines expansion to regions superior to the motorrelated anterior cingulate cortex. Interestingly, the areas showing highest expansion in medial
prefrontal cortex cytoarchitecturally agranular (Barbas, 1995; Petrides and Pandya, 1999;
Dombrowski et al., 2001) and respected our previous delineation of ‘conservatively defined’
prefrontal cortex (Donahue et al., 2018).
Rather than framing expansion in terms of particular cortical regions or areas, it can instead be
assessed more broadly using cortical functional networks. Ji et al. (2019) created a large-scale
functional map of the entire human brain including cortical networks defined using parcels from
the HCP_MMP1.0 parcellation (Glasser et al., 2016). Figure 4.22 shows the Ji et al. network
parcellation (indicated with filled colors in left column) with along with individual areas of the
HCP_MMP1.0 parcellation (outlined in black). We averaged dense maps of areal expansion
within each of these cortical network parcels to determine mean expansion related to each
network (Fig. 4.22, right column and Table 4.2). Based on these data, greatest expansion
occurred in Ji et al.’s Frontoparietal network (~13-fold expansion) along with similarly high
expansion in their Cingulo-Opercular (~11-fold expansion) and Dorsal Attention (~10-fold
expansion) networks (all constituents of a larger task-positive system (Power et al., 2011; Yeo et
al., 2011)). Similarly, the Default Mode Network, Auditory, and Language networks also
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exhibited relatively high expansion. Among these networks, least expansion occurred in the two
Visual networks (~3-to-6-fold expansion), as would be expected given our results.
The network-parcellated expansion map particularly emphasizes expansion related to the human
auditory and language networks and their corresponding regions in the macaque. Though we
don’t presume that macaques possess a language network homologous to that in humans, there
are similarities in the structural and functional organization of related cortical areas (Rilling,
2014). For example, evidence suggests that human Broca’s area (area 44) and its putative
macaque homologue (area 44 or F5) both contain mirror neurons involved in orofacial
communication (Petrides et al., 2005). However, human Broca’s area has evolved the function of
speech production, while monkey vocalizations are primarily mediated by the limbic system and
brainstem (Deacon, 2002). On the other hand, comprehension of species-specific vocalizations
appears to rely on the same neural substrate of Wernicke’s area, although this area in humans has
gained the function of phonological processing (Vigneau et al., 2006). In addition to additional
functions gained in humans language areas, their connectivity profiles across species is quite
different. In the macaque, Wernicke’s homologue is primarily connected to dorsal prefrontal
cortex, while Broca’s homologue exhibits strong connectivity to the middle temporal gyrus.
However, the human has evolved much stronger and widespread connectivity via the arcuate
fasciculus, particularly a temporal lobe projection that was found to be much smaller, if not
absent, in nonhuman primates (Rilling et al., 2008). Both gains of function as well as increased
connectivity between language-related regions in humans could explain the expansion of these
particular areas and the larger language network.
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Figure 4.22: Areal Expansion by Cortical Area vs Functional Network. The Ji et al., 2019 network parcellation is
colored (left column) and individual areas of the HCP_MMP1.0 parcellation (Glasser et al., 2016) are annotated

134

and outlined in black. Dense areal expansion was averaged within individual HCP_MMP1.0 parcels (middle
column; as in Fig. 21) and within the Ji et al. functional network parcels (right column). These results are displayed
on inflated group-average human left (top) and right (bottom) hemispheres.

Table 4.2: Areal Expansion within Cortical Functional Networks.
Ji et al. Network Assignment Log Expansion

Linear
Expansion

Auditory

3.60 ± 0.63

12.1

Cingulo-Opercular

3.45 ± 0.78

10.9

Default

3.44 ± 0.89

10.8

Dorsal Attention

3.34 ± 0.80

10.1

Frontoparietal

3.67 ± 0.72

12.7

Language

3.53 ± 0.59

11.6

Orbito-Affective

2.74 ± 0.93

6.7

Posterior Multimodal

3.40 ± 0.60

10.6

Somatomotor

3.16 ± 0.74

8.9

Ventral Multimodal

2.86 ± 0.57

7.3

Primary Visual

1.86 ± 0.63

3.6

Secondary Visual

2.63 ± 0.83

6.2

Expansion values are logarithmic ratio of average vertex areas of human (n=210) and deformed macaque (n=19)
midthickness surfaces. Dense areal expansion maps were averaged within network parcels produced by Ji et al.
(2019) and are reported along with standard deviations.

4.4.3 Cortical Areas Present in Only One Species Likely Affect Spatial
Distribution of Functional Networks
Although generation of corresponding RSNs across species yielded spatial maps that were
generally well correlated between humans and macaques, some human RSNs exhibited a more
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complex spatial distribution of activations. ST_1 and ST_2 were used as exemplars to illustrate
this phenomenon (Fig. 4.18). Although any mismatch in WDR-generated RSNs could be a
byproduct of inadequate alignment of cortical regions, iterative registration/regeneration of these
networks did not change the result. It is, however, likely that additional cortical areas have
evolved in one species but not the other. Humans and macaques diverged from a small-brained
common ancestor roughly 30 million years ago (Kaas, 2004). Though brain size, cortical surface
area and convolutional complexity are objectively increased in humans, it is likely that regions
diverged in terms of number and organization of cortical areas as well as specialization (Orban et
al., 2004), particularly in regions related to higher cognitive function. Simply looking at the
estimated number of areas in each species (180 per hemisphere in humans (Glasser et al., 2016)
vs. roughly 140 per hemisphere in macaques (Van Essen et al., 2012a; Van Essen and Glasser,
2018) indicates a potential 40+ additional cortical areas present in the human that are absent in
the macaque. However, it is also plausible that areas exist in the macaque that are not present in
humans. For example, both monkeys and chimpanzee cortex contain cortical areas separating
FEF and motor area 4 which are not present in humans. Furthermore, it is likely that differential
evolutionary expansion (e.g. prefrontal, parietal and temporal cortex) includes differences in
distributed cortical, subcortical, and cerebellar functional networks, a confound which may be
ameliorated by utilizing different representations of the problem space (e.g. hyperalignment;
Haxby et al., 2011).

4.4.4 Additional Data Types Will Improve the Accuracy of Interspecies
Mapping and Reveal Neurobiological Homologies and Divergences
In order to ensure adequate alignment across species, more and diverse data types will be
required. For this study, we compared anesthetized macaque rfMRI with alert human rfMRI due
to lack of available alert rfMRI data in the macaque. However, much progress is being made in
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the way of acquisition of rfMRI in not only the macaque (Autio et al., 2019), but also in other
primate species like the marmoset (Schaeffer et al., 2019). Comparison of alert rfMRI data
across species would undoubtedly better inform an interspecies registration and potentially
reveal pertinent homologies. Furthermore, additional types of data representation could also aid
in interspecies alignment. For example, reduction of rfMRI to ‘functional gradients’ (Margulies
et al., 2016) that are shared across human and macaque species could serve as an additional
constraint for interspecies registration in addition to PHRs, myelin and RSNs. To that end, our
interspecies registration, due in part to incorporation of the MSM algorithm, is quite flexible in
terms of data used to drive interspecies alignment. For this reason, we have made the registration
scripts available, along with our nonhuman primate imaging preprocessing pipelines available
via Github (https://github.com/Washington-University/NHPPipelines) and have made available
our Macaque and Chimpanzee surface-based atlases (Yerkes19 and Yerkes29, respectively),
PHR delineations and RSN data used to drive the registration on the BALSA database
(https://balsa.wustl.edu/).
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